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ABSTRACT Deep Neural Networks (DNNs) trained on one dataset (source domain) do not perform well
on another set of data (target domain), which is different but has similar properties as the source domain.
Domain Adaptation (DA) strives to alleviate this problem and has great potential in its application in practical
settings, real-world scenarios, industrial applications and many data domains. Various DA methods aimed at
individual data domains have been reported in the last few years; however, there is no comprehensive survey
that encompasses all these data domains, focuses on the datasets available, the methods relevant to each
domain, and importantly the applications and challenges. To that end, this survey paper discusses how DA can
help DNNs work efficiently in these settings by reviewing DA methods and techniques. We have considered
five data domains: computer vision, natural language processing, speech, time-series, and multi-modal
data. We present a comprehensive taxonomy, including the methods, datasets, challenges, and applications
corresponding to each domain. Our goal is to discuss industrial use cases and DA implementation for those.
Our final aim is to provide future research directions based on evolving methods and results, the datasets
used, and industrial applications.

INDEX TERMS Artificial intelligence, computer vision, deep neural network, domain adaptation, multi-
modal data, natural language processing.

I. INTRODUCTION

Leon C. Megginson summed up Charles Darwin’s work [1]
by saying, “It is not the strongest of the species that survives,
not the most intelligent that survives. It is the one that is
most adaptable to change”. The same thing can also be said
about technology. The workhorse of Machine Learning (ML)
and Artificial Intelligence (AI) — supervised learning has a
severe disadvantage in that it works well when samples for
training and testing both belong to the same distribution and
are independent and identically distributed (i.i.d.). Domain
Adaptation (DA) is a special case of Transfer Learning (TL),
which supports and solves real-world (including in the wild)
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challenges by effectively applying the model trained on one
dataset (source) for testing on another domain (target) with
different distribution.

Domain Adaptation (DA) is increasingly acquiring traction
from academia and industry since it promises the practical
and evolving side of Al and ML. DA, in many ways, mimics
how humans learn and adapt to the real world around them.
In practice, we see that the supervised learning model’s accu-
racy (or another performance metric) is not transferrable for
the same tasks to datasets not used as part of the training.
The primary reason for this failure is a deviation from an
assumption- the source and target domain data are drawn
from the same distribution. The problem is further accentu-
ated when we understand that acquiring labeled data is time-
consuming, costly, and at times, infeasible — which means
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the state-of-the-art models are limited to only some academic
datasets. The performance degradation is caused by domain
shift (domain gap or dataset bias): the difference in data
distributions between source and target domains. DA is a field
of Al that aims to alleviate as far as possible the impact of
domain shift and ensures that the models perform well in
the target domain after being trained on the source domain.
The target and source domains should have some similarities
(e.g., features) for a meaningful adaptation.

DA provides an attractive option for Deep Learning (DL)
— which, more often than not, provide high performance over
shallow learning or classical learning algorithms. DA negates
the vast amount of labeled data requirements in the tar-
get domain and typically uses available (labeled) data in
the source domain, a boon to data-hungry supervised DL
algorithms. Realistically, there is an excessive amount of
unlabeled data available, but labeled data is scarce. Some
techniques have been tried to better the performance met-
ric of deep networks by using more data (labeled) from
the target domain, including better/alternative architectures
and backbones, use of normalization layers (e.g., Instance
Normalization (IN) [2], Batch Normalization (BN) [3]), data
generation and data augmentation, etc. By far, DA appears
to provide a more robust alternative to all the mentioned
techniques.

Initial work on DA is related to shallow (or classical)
learning. With DL more prevalent in recent years, the focus
of research shifted to DA in DL. The invention of GAN [4],
Attention and Attention-based Transformers [5] have boosted
various DA in DL methods. The research direction and focus
now is to solve real-world and practical setting problems with
the latest methods and techniques (e.g., few or zero-shot, self-
supervised learning, meta-learning, etc.) and with real-world
data situations (e.g., multi-modal data, multi-domain, contin-
uous/ incremental domains, and data restriction, etc.). This
survey does not focus at length on Domain Generalization
(DG), a related area where information about the target
domain is unknown.

A number of survey papers on DA are reported. The
primary difference between this and the previous works is
threefold; this survey encompasses various data domains
instead of only focusing on a specific (text/image-based)
modality. Secondly, the survey is conducted with a primary
focus on the applications of DA in these data domains
— the challenges faced and how those can be mitigated
using DA. Thirdly, it tries to understand the application
of DA approach across data domains/modalities and also
tries to understand what makes a particular DA approach
data domain specific. In summary, the primary goals of this
work are:

1. To provide a joint perspective and recent updates of

domain adaptation in five deep learning data domains
— Visual or Computer Vision (CV), Natural Language
Processing (NLP), speech, time-series, and multi-
modal domains. Most of the previous surveys only
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focused on the visual domain (CV) or NLP domain
and missed out on areas of cross-pollination. This
survey, we believe, for the first time, discusses DA in
multi-modal data settings. To understand data domain
(CV, NLP, speech, time-series, multi-modal) specific
DA methods and techniques and ones that are used
across data domains.

2. To compile a list of existing and emerging DA datasets
and tasks in five data domains.

3. To review recent DA methods and techniques for more
practical DA settings like learning with fewer data,
learning on the go, continuous adaptation, presence of
domain or category gap, etc., across data domains.

4. To understand challenges and issues that hinder the
adoption of DA. Based on these challenges and issues,
research directions are also provided. These challenges
and issues also provide research direction.

5. Understanding and reviewing industrial use-cases
where DA has been employed and appreciating
use-cases where DA if deployed, would provide rich
dividends.

Organization of paper: Pictorial view of the organization
of the paper can be seen in Figure 1. For completeness,
the survey also briefly discusses the background, definition,
and theory of DA in section II and then discusses DA in
shallow or classical learning in section III. DA in DL is
discussed in section IV; this section also focuses on more
practical DA settings. Datasets used in five data domains
and observations are mentioned in section V. Challenges and
issues being worked on in this field are mentioned in section
VI. Section VII looks at common and specific DA use-cases
across industries and provides a perspective on how DA can
be helpful. Section VIII provides the future research frontiers.
The paper is concluded in section IX.

Il. BACKGROUND

This section aims to succinctly provide the formal def-
inition of DA, the categories of transfer learning and
domain adaptation, and a theoretical foundation of domain
adaptation.

A. FORMAL DEFINITION OF DOMAIN ADAPTATION
Let there be a source domain D, composed of a feature
space x* and marginal probability distribution P(X*) such

that D° = {x*, P(X%)}. Also, there exists a sample set
X* = {x{,x5,...,x;} and corresponding labels Y* =
{ysl,yi, ...,y ) from Y.

Similarly, there is a target domain D', composed of a fea-
ture space x' and data with marginal probability distribution
P(X") such that D = {x’, P(X")}. Also, there exists a sample
set X' = {x{,x}, ...,x}} and corresponding labels Y’ =
O ys, oo, v} from Y.

Sometimes, labels in the target domain are unavailable
(case of unsupervised DA) or only a few are available (case
of semi-supervised DA), or no data at all is available in the
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Future Research Frontiers [ Sec. VIl ]

Conclusion [ Sec. IX]

FIGURE 1. Organization of the paper. Paper flow is from top to bottom and right to left. Industrial applications (Sec. VII-F)
include applications of both shallow and deep learning domain adaptations. Data Domain (CV, NLP, Speech, Time-series,
Multi-modal) specific approaches / methods, Datasets and Applications are contained in subsections of Sec. IV, Sec. V,

Sec. VI respectively.

target domain (case of domain generalization or zero-shot
DA). Supervised or unsupervised DA refers to labels in the
target domain being available or not for training. There exists
a domain shift between D* and D’. The task in the source
domain is: T° = {Y*, P(Y*|X®)} and the target domain is:
T = {Y!, P(Y'|X")}.

In the case of DA, if there exists a mathematical model
f 1 X5 — YS.If, T is related to J7, and the same model f
also works for X’ — Y’ with a minimal error or acceptable
error, the model f has adapted to the target domain D' and
source domain D*.

B. CATEGORIES OF TRANSFER LEARNING AND DOMAIN
ADAPTATION

The seminal work on DA by Pan and Yang [6] mentions
that DA is a specific case of transfer learning (TL). The
commonality between DA and TL is that some learning based
on source domain data is utilized for the task in another.

Hence it is beneficial to understand different instances/types
of TL.
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A. Based on the feature set and data distributions, there
are two types of transfer learning approaches (refer to
Table 1)

B. Based on the task difference and the corresponding

source and target domain data (refer to Table 2)
Figure 2 shows DA categories based on various source

and target domain characteristics. DA work typically falls
into homogeneous and transductive TL. However, in the
recent past, there have been reasonable attempts to focus
on heterogenous DA. DA can be categorized based on
the availability of labels in the target domain (refer to
Table 3 and Table 4).

DA can also be categorized based on the label (classes) in
domain and source data (refer to Table 4).

Typically, domain classification represents the scenario
when there is only a single source domain. The adaptation
is to another single-target domain (called single-target DA).
However, recently, DA to multiple target domains (called
multi-target DA) is also reported. Adaptation from multi-
ple source domains (called multi-source DA) has also been
researched.
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More than One / More than

Homogeneous Multi-modal
One

DA

One / One Heterogeneous DA |

More than One / More than
One

il

Heterogeneous Multi-modal
DA

Closed Set DA |

Partial Domain DA |

Open (set) DA |

Universal DA |

FIGURE 2. Overview of DA categories based on data characteristics (availability, feature space, number of classes) of the
source and target domains. Subclassification within each class leads us to specific category of DA.

Until more recently, the DA focus was on reducing
the dependency of labeled instances of data in the target
domain; now, researchers are also focusing on reducing the
dependency of data itself in the target domain. Few-shot DA,
single-shot DA, and zero-shot DA are examples of efforts
to incrementally reduce the requirement of target domain
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data. Predictive DA uses metadata in the target domain to
adapt. Domain generalization (DG) can be seen like zero-shot
DA, but it is bereaved of knowing anything about the target;
however, more robust DG methods should also include some
essence of multi-target DA, Universal DA. DA techniques
also focus on the absence of source data during the DA
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FIGURE 3. Domain adaptation categories plotted based on the availability of annotated data in the source and the target domain (forming aa horizontal
plane) and category (class) set difference in source and target (forming the vertical axis), enhanced and adapted from Tommasi [7].

TABLE 1. Transfer learning (/domain adaptation) categories based on

TABLE 2. Transfer learning categories based on task differences and data.

data.
S.
C T
S No. ase 'ype
) Case Type
No. 1 DS = DtandT5 = T* Typical Supervised Learning
1 In this case, the domain shift is based on ~ Homogeneous Fhe ttraining set is D*, and the test set
two domains having the same input feature ~ Transfer Learning / isD
space (x* = x*), but the shift is because ~Domain Adaptation 2 DS £Dtand TS = Tt Transductive Transfer Learning
of different data distributions, i.e., Domain  Adaptation  (Further
P(X*) # P(X"). Domain dimensions are restriction is that labels space should
also the same. beshared YS = Yt = Y)
2 In this case, the domain shift is due to the ~ Heterogeneous 3 [DS =DtorDS # D]  Inductive Transfer Learning
difference in the input feature space (y° #  Transfer Learning / and 75 = Tt Requires small data from the target to
x*). It may be possible that the modalities ~ Domain Adaptation induce the model.
may also differ — e.g., one is text, and one
is an image. 4 DS =D'andT5 # T* Generative Learning
5 DS #Dt' and TS=% Typically, unsupervised learning or

process — this may be due to privacy reasons (Federated DA)
or plain unavailability (Universal source-free DA).

Tommasi [7] (refer to Figure 3) categorized different DA
approaches based on the amount of data available and the
number of classes in the source and target domain.

C. THEORY OF DOMAIN ADAPTATION

The works of Ben-David and collaborators ([8] and [9])
looked at formulating the theoretical assumptions of the
DA problem. They and future researchers were interested
in finding out how real-world challenges deviate from
theoretical assumptions. Ben-David et al. [9] calculated
a bound on the DA error (empirical target error) for a
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TABLE 3. DA categories based on the availability of labeled target
domain data.

S.

No. Case Type

1 In this case, labels for both domains are available, (fully)
ie, Y ={yiy5,...,y5} and Yt = Supervised
5, y5,..., yt } are both available DA

2 In this case, labels for both domains are Semi-
available; however, only a minimal quantity of ~ Supervised
target domain labels is available, i.e., Y* = DA
i y3,..oynYand Y = {y,y;,..., % }are
both available and N > n.

3 In this case, labels for only source domains are Unsupervised
available, ie., Y* = {y$,y5,...,y5} and Y' = DA
{2}

4 As in the case of Unsupervised DA, only labels ~ Pseudo-
for the source domain are available at the start Semi-
of the DA process. However, labels (accurate or ~ Supervised
pseudo) are obtained during the start of the DA
“core” DA process, and the DA process is,
therefore, a Pseudo-Semi-Supervised DA
. Active DA applies different sample

selection methods with the intention of
selecting diverse yet complex samples on
target data. The labels for the selected
target data are then obtained. The labels
obtained are accurate.

. Pseudo-label DA does not focus on
diversity and complexity in sample
selection techniques (if at all followed).
One of the techniques to do pseudo-
labeling of target data is by applying the
source model to the subset of target data
to obtain labels (another may be self-
supervised learning). The labels obtained
are not accurate.

In (1), er (f? is the empirical target error, @ is a linear
combination of errors in sources and target domains, m is
sample size with (1—B)m points are drawn from source
domain while Sm drawn from target. § signifies the proba-
bility. cAif}(Ag{ (Us, Ur) is LA divergence (or simply J-
divergence) between source and target samples, and A is
predictor error.

Researchers involved in finding the basis of the theoretical
formulation of DA mention three primary conditions required
for DA.

1) Covariate Shift: Conditional label distribution is the
same - P(Y*|X%) = Q(Y'|X"), between source and
target distributions.

2) Somewhat similar distributions: Source and target dis-
tributions should be somewhat similar, i.e., P, and Q,
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TABLE 4. DA categories based on label set in target domain data. Cs&C;
Represent label set (not the number) in sources & target domain,
respectively.

Case Type

Closed  Set
DA

1 Cs = C;,Same labels (classes) in both domains.

2 (Cs N C.) © Cg, the common labels (classes) are a Partial ~ Set
subset of the source domain. There are no out-of-set DA
classes present.

3 (Cs N C;) c C;, the common labels (classes) are a Open Set DA
subset of the target domain. There are out-of-set
classes (not seen by the model before) present.

4 There is no prior knowledge of the labels (classes) Universal DA
in the target set.

must be similar. Typically (as in [9]), H{-Divergence is
used to understand the difference in distribution.

3) Joint error minimization: DA works to minimize the
joint error on source and target.

However, various works - [8], [9], and [10] - then focused on
unraveling the above conditions, which are not sufficient to
guarantee a good DA in the real world. Zhao et al., in the theo-
retical study [10], concentrated on domain-invariant learning
methods and proposed the removal of the joint error min-
imization condition mentioned before. Another theoretical
basis for DA in DL was offered by Le et al. [11], explaining
why it is possible to close the gap between domains in joint
space.

Ill. DOMAIN ADAPTATION IN SHALLOW

(OR CLASSICAL) LEARNING

To grasp DA in DL, it is important to learn DA in shallow
learning (or classical learning) to provide the chronology.
Any work associated with DA that does not include DL is
considered shallow learning and caters to the DA work that
happened before the use of DNNs became more prevalent.
The DA methodologies in both shallow and deep learning
aim to strengthen the model somehow by using the fea-
tures invariant to domains (also called domain-invariant) or
transforming the target data into a form/space in which the
model is trained to reduce the task error. However, given that
most of the features of shallow learning are handcrafted and
explainable, the features can be inspected separately. DA in
shallow learning is mostly based on features (matching or
alignment or transformation or augmentation) and less on
data-instance based. Work done by Csurka [12] provided a
comprehensive survey of shallow DA methods in the visual
domain. This section extends Gabriela Csurka’s work [12]
by including frequently used shallow DA strategies in NLP,
time-series and other data domains along with CV domain
DA methods.
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A. FEATURE BASED APPROACHES

Feature-based approaches (refer to Table 5) are prevalent in
both shallow (origin) and deep DA. The main idea asso-
ciated with feature-based approaches (matching/ alignment/
transformation/ augmentation) is to find a shared feature
embedding/representation by reducing the data distribution
difference. An effort is taken in the approaches to preserve
input data properties.

From Table 5, we observe two important aspects:

1) Maximum Mean Discrepancy (MMD) [14] is used by
multiple methods (Table 5 column — “The criterion
(/criteria) for distribution difference / Discriminative
Methods’’) to understand the distance between source
and target distributions.

Definition of MMD: If sample set X* = {x}, x5, ..., x;} and

X' = {x{,x}, ..., x},} are from distributions P(X*) and P(X")
respectively, then MMD is defined in (2):
1 - 1 - ?
MMD (P(X®), P(X")) = || - sy~ ;
(P(X®), P(X")) Hn2¢(x,) — 2 o)
i=1 i=1 H
(2)

where H is a universal RKHS, and ¢ : x — H
We see from the definition that:

a. MMD is non-parametric, which leads to a closed-form
solution - a trivial solution.

b. MMD is dependent only on features and independent of
classes and class labels and therefore supports unsuper-
vised DA. In the case of semi-supervised or supervised,
or pseudo-semi-supervised settings, class-conditioned
MMD can be used to further improve DA.

Further, the use of the Kernel trick

kG y) =D o) = o) le )y (3)

i.e., dependency on the inner product only simplifies the
MMD estimation, as any distance between samples is the
inner product, and an inner product can be represented as a
kernel.

2. Use of Reproducing kernel Hilbert Space (RKHS):

a. When data is transformed into sparse spaces (like
RKHS), the chances that it is linearly separable
are high.

b. Representer theorem applied to the inner product
would mean that the inner product of samples and
the inner product of samples in RKHS are the
same.

Therefore, transforming the samples to RKHS gives a dis-
tribution difference not only in RKHS but also in the feature
space dimension.

B. INSTANCE RE-WEIGHTING AND SELECTION
APPROACHES

Another widely used strategy is instance re-weighing; the
focus here is on the input data altogether and not on features.
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Further, the distribution difference is minimized by reweight-
ing the source data for the task. The instance re-weighting
approach is also called instance selection, as it leads to
soft/hard selection of data.

Table 6 mentions the instance re-weighting and selection
approaches. However, the re-weighting strategy does not
help much when there is little overlap between the source
and target domain. Little overlap leads to a small set of
source domain examples assigned high weights — leading to
a sub-optimal classifier as it tends to see a smaller number of
samples effectively. However, in specific scenarios, as men-
tioned by Jong [23], re-weighting can provide a decision
boundary closer to the optimal decision boundary of the target
data.

C. HYBRID APPROACHES

Hybrid approaches typically use both feature-based and
instance re-weighting methods. An example of this is Trans-
fer Joint Matching [24], wherein the feature matching is done
by minimizing MMD in an infinite-dimensional reproducing
kernel Hilbert space (RKHS). They also do reweight by min-
imizing the /-norm.

D. DOMAIN ADAPTATION FOR HETEROGENOUS DATA
(HETEROGENOUS SHALLOW DA)

As we have seen in previous subsections, the two DA domains
were homogeneous, i.e., x* = x'; however, DA techniques
have been applied to heterogeneous data (including multi-
modal data). In the case of heterogeneous data, we see
x® # x'. Primarily, two transformation strategies are seen
in Heterogenous Shallow DA — symmetric and asymmetric
transformation.

When an attempt is made to project the source domain
and target domain features to a common subspace (domain-
invariant common latent subspace), the attempt to learn fea-
ture transformation is known as symmetric transformation.
In asymmetric transformation, either source features or tar-
get features are transformed and aligned to target features
or source features, respectively. An example of symmet-
ric transformation is Heterogenous Feature Augmentation
(HFA) [29]. At first, HFA transforms data (using projection
matrices) from both domains into a common subspace. Then
HFA augments transformed data, using two feature map-
ping functions, with the original features and zeros. SVM
with hinge loss is applied to augmented features to learn
the project matrices. Asymmetric Regularized Cross-domain
Transformation (ARC-t) [30] is an example of asymmetric
transformation. It uses a Gaussian radial basis function (RBF)
kernel to learn asymmetric and non-linear transformation
while mapping target data to source data. In ARC-t [30], it is
mentioned that the power of ARC-t is that it can be applied
to categories that were unavailable during training too.

Another perspective, according to Csurka [12], is that
multi-view learning can be strongly related to heterogenous
DA, in that multi-view solves the task by looking at features
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TABLE 5. Feature based shallow DA approaches.

Sr. Approach Data Example Key Idea Space Dimension The criterion
No. Domain (/criteria) for
distribution
difference /
Discriminative
Methods

1 Feature Matching: The (6\% Maximum Mean Common latent representation and Lesser dimension Maximum Mean
aim here is to find Discrepancy properties of input data are preserved. than input data — Discrepancy (MMD)
domain-invariant feature Embedding [13] The use of distance metrics is seen. Dimensionality [14]
learning or reduction using
representation. ie., PCA
learning nothing specific
to the domain yet (6\% Transfer Learning common transfer components  Higher than input Maximum Mean
learning specifically for Component underlying both domains. Focus on data but not very Discrepancy (MMD)
the task. The reasoning Analysis (TCA) discovering components that do not high/infinite - [14]
behind this thought is [15] cause a change in distribution across RKHS
that classifier trained on domains. The structure of data is
the source domain’s preserved.
domain-invariant
features should work NLP Structural Prediction of “pivot features”, features low-dimensional Huber loss [17]
well in the target domain. Correspondence that are common to both the domains real-valued feature

Learning (SCL) (with unlabeled data) — it uses auxiliary  space
[16] functions to construct the shared space
and induce correspondence among
different features.

2 Feature NLP Both source and Augmentation of feature space of both Augmented spaceis Singular Value
Augmentation: Use of target feature  source and target data, use thatas inputto  three times the Decomposition
intermediate feature augmentation any ML algorithm (e.g., SVM) feature space of the (SVD)
representations, which [18] source/ target
are cross-domain
between source and Ccv Geodesic  Flow Samples are gradually taken and Both small- Latent Discriminant
target domain. These Sampling (GFS) concatenated from the geodesic path dimension (PCA, Analysis (LDA),
representations are [19] between source and target domains after ~ Laplacian Kernel LDA
typically label agnostic PCA Eigenmaps) and (KLDA), Partial
and therefore support high-dimension Least Squares (PLS)
both unsupervised, RKHS were
semi.super\/ised7 experimented with.
supervised DA

Ccv Geodesic  Flow Kernel-based method. Source and target  The subspace Rank of Domain
Kernel  (GFK) datasets are embedded into the dimension is small (ROD) [20], based
[20] Grassmann manifold. The authors (PCA based). on KL divergence
further propose a geodesic flow kernel, However, infinite
equal to integrating over all the subspaces are used.
Geodesic Flow subspaces.

3 Feature space Ccv Subspace Aligning source and target subspaces The subspace  Bregman matrix
alignment: Learns a Alignment [21] using a mapping function (covariance dimension is small divergence
linear mapping matrix between source and target (PCA based).
function to align source eigenvectors) and then calculating a
subspace to target similarity function to compare data.
subspace.

4 Feature CcvV Transfer Sparse Learning sparse representation (non- The subspace  Maximum Mean
Transformation: Coding  (TSC) linear transformation) and then bringing  dimension is sparse ~ Discrepancy (MMD)
Typically involves non- [22] the transformation closer by using (greater than [14]
linear transformation to MMD. source/target
either source or target feature
or both; examples dimensionality)

include reconstruction
and transformation
under constraints.
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TABLE 6. Instance re-weighting based Shallow DA approaches.

Sr. Approach Data Example Key Idea The criterion (/criteria)
No. Domain for distribution
difference /
Discriminative Methods
1 Soft Selection: The aim is distribution NLP Transfer ~ Adaptive Iteratively re-weighting is done by SVM/derivative of SVM
difference reduction by reweighting the Boosting increasing the weights of misclassified —TSVM
source data and then doing a task (TrAdaBoost) [25] target domain samples and decreasing
(typically classification) on the the weights of misclassified source
reweighted source data. domain samples
2 Hard Selection: It is typically a two- NLP Knowledge Maximum Cluster Difference (MCD) is Maximum Cluster

step exercise. Firstly, an instance re-
weighting exercise is done, and then
based on a threshold (which reflects
how close are two domains are),
instances below the threshold are
rejected, and only the ones above are

Adaptation [26]

defined as the threshold metric between Difference (MCD) [26]
the centroid cluster of instances from the
source and target domain.

included.

3 Density ratio: Weights an instance Others —  Independent Estimating domain likelihood based on Naive Bayes, Logistic
based on the likelihood of it coming Structured  Estimation [27] classifier and selecting samples thereof.  Regression, Decision
source or target domain. These are Data Tree and SVM

direct techniques

CV, Time
Series Importance

Kullback-Leibler

Estimating domain likelihood based on KL Divergence

minimization of KL Divergence,

Estimation Procedure selecting those samples which have less

(KLIEP) [28]

KL divergence

of each view simultaneously, assuming the features are not
(much) common (i.e., " £ "), very similar to
heterogenous DA where y*°Wc¢ £ '8¢t Also, similar
is Domain Separation Networks (DSN) [31], where private
and shared feature spaces are orthogonal, as far as possible,
the endeavor is to have (in different co-training strategies)
features split into two mutually exclusive views. Blum &
Mitchell, in their co-training strategy [32], solved the NLP
text classification problem, using as one of the views the
anchor texts of hyperlinks of pages pointing to the page and
another view as the text of the page. The features are taken to
be dissimilar. Due to reduction of the bias of predictions on
unlabeled data, Ruder [33] mentions that Tri-training is one
of the best multi-view training methods.

IV. DOMAIN ADAPTATION IN DEEP LEARNING

Since deep neural networks are associated with high accuracy
(or any required metrics) and can provide state-of-the-art
(SOTA) results, there has been increased usage of deep neural
networks in many Al and ML applications and tasks. How-
ever, these networks also face domain shift problems and are
not able to adapt to different (from source domain) data dis-
tributions and provide the same SOTA results. Further, given
that deep neural networks require a large amount of labeled
data to train and the availability of labeled data is a concern (it
is costly, arduous, or at times infeasible), it is much required
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that DA is supported for deep neural networks. Unlike DA
in shallow learning, the focus of DA in deep learning is to
include DA in the deep learning process and pipeline such
that transferable representations are learned. In this direction,
the earliest work, Glorot et al. [34], included Stacked Denois-
ing Autoencoders (SDA) on amazon.com product reviews
to do sentiment analysis for different products. After that,
substantial work has been done in the CV area, with NLP
picking up (again) fast in the recent past — primarily due to
the availability of transfer learning in NLP using transformers
and attention architectures. DA research has now gathered
pace to solve real-world problems (like multi-modal data
support, data restrictions, and scarcity).

Table 7 lists the Deep DA methods and approaches and
further extends on the deep DA categorization mentioned by
Wang and Deng [35]. However, [35] only focused on Deep
DA techniques for the visual domain. In contrast, we aim to
include more deep DA approaches, which are data domain-
specific and review progress on other existing approaches.
Also, our emphasis is to learn more about DA in unsupervised
settings; supervised settings, semi-supervised and pseudo-
semi-supervised are included for completeness or novelty.

A. DISCREPANCY-BASED METHODS
These methods build on the shallow domain adaptation meth-
ods, map the features to a high dimensional RKHS space, and
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TABLE 7. Deep DA methods and approaches classification.

S.  Approaches/
No. Methods

Key Idea

Sub Classification

1 Discrepancy-
based methods

These methods look to reduce domain shift by fine-
tuning the deep network

Initially an extension of shallow learning with some new
techniques and discrepancy distance metrics.

. Metrics-based: Summary statistics are extracted from P(X¥),
P(X%) and a representation is built, such that some kind of
statistics of P(X®), P(X?®) is matched/aligned.

. Architecture-based: Deep architectures are built such that the
transfer is easy. Methods also include modifying the architecture
so that it is able to accommodate the domain shift better.

2 Adversarial
methods

In this, two networks compete or are in an adversarial
relationship to understand domain invariant features or
similar aspects. Typically, a domain discriminator and an
adversarial objective are used towards domain confusion.

. Adversarial discriminative models or methods

. Adversarial generative models or methods

. Adversarial reconstruction-based models or methods: These
are also referred to as domain mapping (e.g., Image to Image
translation); these aim to reconstruct one domain content in
another domain style.

3 Multi-Domain
Approaches

Deep DA in multi-source or multi-target domain settings
differs from the above-mentioned techniques. The aim is to
gather if the multiplicity of domains in multi-source helps
in a more robust model, and multi-target helps the model
to generalize better.

. Multi-Source DA methods
. Multi-Target DA methods

4 Hybrid
Approaches

An amalgamation of two or more strategies mentioned
before.

5 Specific Data
domain
methods

Approaches that are relevant for a specific domain and not
typically are not data domain agnostic. These also include
DA methods for real-world challenges, practical settings,

. Multi-modal Data DA methods
o  Homogeneous Multi-modal DA
o  Heterogeneous Multi-modal DA

emerging methods, and techniques

. Data Domain Specific Methods
o  Natural Language Processing (NLP) specific
methods
o  Computer Vision (CV) specific methods
Speech specific methods
o  Time-series specific methods

[¢)

6  Emerging DA

Methods challenges

Emerging DA methods for practical settings and real-world

understand the discrepancy using metrics like MMD or simi-
lar. The difference being distribution difference is understood
and aligned using deep features against the hand-crafted fea-
tures of shallow DA methods.

Figure 4 shows the typical structure/architecture of net-
works implementing discrepancy-based methods — discrep-
ancy metrics or representation of the network (along with
discrepancy metric) or loss is used to regularize the network.
Domain adaptation can happen at single or multiple layers
(called adaptation layers in Figure 4)

1) DISCREPANCY METHODS: METRICS-BASED

Deep Domain Confusion (DDC) [45] was the first key idea
that jointly optimized task (classification) and domain confu-
sion. Similar to Figure 4, DDC used 2 parallel networks with
one network as supervised (classification loss was included)
and the other network as not supervised. Domain (confusion)
loss is used to adapt two fully connected layers with the idea:
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features that the network learns should be agnostic, i.e., they
should lie in a feature space where domain information is lost
while the class information is intact. MMD [14] is used as
a discrepancy metric for domain loss. Extending (2), DDC
mentioned the joint loss for domain adaptation as

£JDomain_Adaptatiun = LClassiﬂcation + )\MMDZ(P(XS)7 P(Xt))
“)

Equation (4) also helps us understand that the discrepancy
metric (MMD or similar) acts like a regularizer for the overall
network. Later on, many works have built up on the DDC’s
key idea by using different/similar discrepancy metrics. Dis-
crepancy metrics often used in deep DA are mentioned in
Table 8.

The work of Kashyap et al. [46] further segregates the
divergences into 3 classes — Geometric (distance between
vectors), Information-theoretic (distance between probabil-
ity distribution), and higher-order measures (amongst higher
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FIGURE 4. Typical network structure/architecture of deep neural networks implementing discrepancy-based methods for domain
adaptation. The feature extraction layers are shared or regularized. The layers after feature called “Adaptation layers” include the
discrepancy metrics or a representation of network along with the discrepancy metric. Task specific layers do not take much part in adapting

the features of source and target. Best viewed in color.

TABLE 8. Discrepancy metrics and usage.

Sr. Metric Data Domain

Usage/remarks

No.

1 Maximum mean

NLP, CV, Time

Distance between mean embeddings of two features (one from source and one from target), or simply the

discrepancy (MMD) Series, Multimodal ~ distance between means of two distributions. This metric is widely used in DA.
[14]
2 DeepCORAL [36] Primarily CV Extends the use of CORrelation Alignment (CORAL) [37], which uses covariances (second-order
statistics) of source and target features in Deep Neural Networks. Other variants (LogCORAL, LogD-
CORAL) of these metrics are also used in unsupervised DA.
3 Contrastive domain (6)% Use of conditional distributions to incorporate label information in Contrastive Adaptation Networks
discrepancy (CCD) (CANs) [38]
[38]
4 MK-MMD (multiple (6\% Multiple Kernel Learning variant based on MMD, first used in Deep Adaptation Network (DAN) [39]
kernel - MMD) [39] Instead of matching using the first moment of data, it uses the second moment, i.e., the Multi Kernel
variant of MMD (MK-MMD). We do not have one RKHS here but multiple RKHS, and we have multiple
kernels of multiple RKHS. In a neural network, this is done by doing multiple kernels on multiple feature
spaces (output of fully connected layers)
5 Joint maximum mean CV Instead of marginal distribution — joint distribution is used. It takes MK-MMD to the next level, where it
discrepancy (JMMD) is jointly minimized, i.e., MMD between representations of multiple layers / multiple kernels together in
[40] ajoint way. So we don't minimize MMD independently but jointly over representations of multiple layers
6 DeepJDOT [41] CV Adapted in deep neural networks from Joint distribution optimal transport (JDOT) [42], which estimates
a non-linear transformation between joint features/labels of two domains. The discrepancy metric in
JDOT is the 1-Wasserstein metric. Also, one can show that kernelized MMD is equal to Wasserstein
distance.
7 Kullback-Leibler NLP, CV, Time [43] used KL divergence to understand the distribution distance in the embedding layer between the

(KL) divergence [43]

Series, Multimodal

source and target domains.

8 Sliced Wasserstein
discrepancy [44]

Ccv

[44] used optimal transport theory (i.e., a variation of Wasserstein distance) to align feature distribution
between domains and task-specific boundary

moment distance between distributions or distance between
projections or distance between representations).

2) DISCREPANCY METHODS: ARCHITECTURE-BASED

In these methods, the focus is more on learning more
transferable features and architecture than the metric. The
underlying principle with architecture-based discrepancy
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methods is that information about the domain change
(source to target) is only an affine transformation away,
i.e., there exists a small transformation on weights that
can help the transformation from source to target features.
This small transformation can be the affine transforma-
tion or Multi-Layer Perceptron (MLP) / Deep Networks
themselves.
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FIGURE 5. Typical network structure/architecture of deep neural networks implementing adversarial-based methods for domain adaptation. The
generator(s) are optional — used only to create synthetic data if required. Domain Discriminator looks to discriminate (classify) source and target
domains, while task-specific (say classification) is done by task-specific network. Best viewed in color.

Deep Adaptation Network (DAN) [40] uses the concept
that in convolutional deep networks transition, earlier layers
understand generic features while the later layer understands
task-specific features. They froze the initial layers, fine-
tuned the middle layers, and looked at discrepancy-based
methods like MK-MMD (multiple kernel - MMD), a vari-
ant of MMD [13], to adapt later layers. Typically, the
discrepancy-based methods look to align the marginal dis-
tribution of source and target data, but there are different
approaches, too, like Joint Adaptation Network (JAN) [41].
JAN further improved on DAN architecture by learning
joint distributions of multiple domain-specific layers across
domains and using the joint maximum mean discrepancy
(JMMD) criterion; they used a representation (¢) of the net-
work itself.

Similarly, JAN-A [41] builds further on JAN architec-
ture that there is now another network (6) that computes
representation on top of network representations (¢). This
not only minimizes the JMMD but also learns the network
(0) — maximum is over the # network, and the minimum
is over the JMMD - an adversarial objective (min-max).
Computer Vision (CV) also uses normalization layers as a
key architectural concept for DA. Given that this is specific
to CV, it is detailed in the normalization layers (refer to
section Normalization layers). The hypothesis behind this
is batch normalization (BN) layer represents domain-related
knowledge. Transferrable Prototypical Networks (TPN) [47]
focus on discrepancy (distances) for each class in an embed-
ding space of 3 datasets - source only, target only and a
mix of source and target. It also assigns ‘“‘pseudo-labels”
to unlabeled target samples. Adaptation is done so that the
prototype of each class is close in the embedding space.
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B. ADVERSARIAL METHODS

The idea behind adversarial set of methods is to enhance
domain confusion while still being robustly trained to
understand domain segregation (adversarial objective). This
is closely related to Generative Adversarial Network or
GANSs [4], which includes two networks — Generator and
Discriminator — in an adversarial setting. The generator aims
to produce output (typically images) to fool or confuse the
discriminator, while the discriminator, on the other hand,
tries to segregate it into real and fake. In DA, the idea bor-
rowed is that discriminator should be able to segregate the
domain distribution of source and target domains (say by
using domain invariant features). Adversarial Discriminative
Domain Adaptation, or ADDA [48] introduced a generic
framework (similar to Figure 5) for DA using adversarial
models. Typical adversarial discriminative architectures fol-
low a Siamese architecture with source and target stream and
are trained on task loss (typically classification) and either
an adversarial loss or a discrepancy loss. In contrast, adver-
sarial generative architecture (in its simplest form) includes a
generator that generates other domain (typically target) map-
ping from the first domain (typically source); after that, the
generated mapping and other mappings then follow adversar-
ial discriminative architecture.

1) ADVERSARIAL DISCRIMINATIVE MODELS

One of the seminal works in deep DA is Domain-Adversarial
Neural Network (DANN) [49] (refer to Figure 6), which
supports the idea of adversarial domain adaptation, i.e., learn-
ing task should be discriminative yet, it should encourage
domain confusion. They showed that any feed-forward model
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could support adaptation if augmented with a novel gradient
reversal layer.

DANN is the most widely used DA approach across all
data domains. In CV, DANN was initially used for digit
recognition and image classification. Later on, DANN or
its derivatives are also used for more complex tasks like
semantic segmentation and object detection. In the case of
semantic segmentation, a Siamese network (consisting of two
parallel tracks) approach is taken, where one track processes
source samples and the other track processes target samples.
Due to the inherent complexity of tasks — Domain alignment
(Domain Classifier — pink network in Figure 6) is present at
various layers/stages, and the convolution layers (input to fea-
ture extractors) and deconvolution layers (feature extractors
to semantic map) are aligned (shared, mapped or statistical
metric is used). Hoffman et al. [50] used 2 more losses other
than the regular semantic loss — one loss to adapt to category-
specific parameters, i.e., category-specific adaptation and the
other loss to reduce ““global distribution distance,” i.e., global
domain alignment. Huang et al. [51] looked at aligning fea-
tures at each layer of the network.

In NLP, DANN has been widely used for classification
tasks — Text Classification ([52], [53]) and Sentiment Analy-
sis ([49], [54], [55]). DANN or its variants are also used for
Named Entity Recognition (NER) ([52], [56]) and Parts of
Speech (PoS) Tagging [57]— structural prediction tasks.

Adversarial Discriminative Domain Adaptation or ADDA
[48] model also uses similar philosophy as DANN but dif-
fers in that feature extractors are not shared between source
and target, and the loss function that is used in ADDA
is GAN loss while DANN uses min-max loss and the
training is multistep. Conditional Domain Adversarial Net-
works (CDAN) [58] use a conditional discriminator, taking
input from both feature extractor and classifier. Work of
Shen et al. [54], instead of using a pure classifier in the
discriminator, used the loss as Wasserstein distance (similar
to Wasserstein GAN by Arjovsky et al. [59]) during training
between source and target samples. Inspired by the multi-
view strategy, Du et al. [60] proposed Dual Adversarial
Domain Adaptation (DADA), having two “joint” discrim-
inators, supporting all the classes of source and the tar-
get domain (2K-dimension), pitted against each other and
back-propagating into feature extractor. They also used a
source class predictor to classify source labels and provide
pseudo labels. The latest attempt to improve adversarial dis-
criminative models is Smooth Domain Adversarial Training
(SDAT) [61], which mentions that reaching smooth minima
only for the task-specific loss (and not the domain discrimi-
nator loss) helps better adapting to the target domain.

2) ADVERSARIAL GENERATIVE MODELS

Adversarial generative models are different from Adversar-
ial discriminative models in that they have a generative
component (typically, a generator of GAN) along with the
discriminative component of discriminative models. This
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generative component typically creates synthetic target data
from labeled source data. This synthetic labeled target data
alleviates the need for labeled examples in target domains.
Then the network is trained to assume there is no or little
domain shift present in the synthetic data. The source map-
ping component is the generator that maps the source domain
into the target domain. Therefore, colloquially these genera-
tors are also known as domain mappers. One of the earliest
works in adversarial generative models is Coupled Generative
Adversarial Network — CoGAN [60]. As the name suggests,
two GANSs run parallel, and weight sharing happens in the ini-
tial layers for generators and the final layers of discriminators.
These layers capture high-level features in discriminators and
high-level semantics in generators. This helps the GAN to
understand the joint distribution of domains. In CoGAN, the
target domain is transformed into the source domain, and then
the classification happens.

Typically, the DA is specific to a task (shared across
two domains); however, PixelDA [61] used an adversarial
generative DA setup to provide a framework that is decou-
pled from task-related aspects. Typically, source images are
transformed into target-like images; however, Generate-to-
adapt [62] uses GANs for domain adaption with Generator
creating source-like images for target domain cases. It uses
the embeddings (learned during training) of images as the
latent space as an auxiliary input to the GAN to create
source-like images from the generator and discriminator,
discriminating the domain (real/fake) and providing class
labels. Other examples of adversarial generative models in
the speech domain are Park et al. [63] and Augmented Cyclic
Adversarial Learning (ACAL) [64].

3) ADVERSARIAL RECONSTRUCTION-BASED METHODS
Another variation of adversarial generative methods is
reconstruction-based methods (on the same lines as shallow
feature matching DA strategy): Reconstruction methods typ-
ically use Adversarial GAN-based networks or Autoencoder
(AE) based networks to reconstruct one domain content in
another domain style. Table 9 provides key ideas behind some
Adversarial reconstruction-based methods. There are other
methods in the literature that do not fully comply with the
adversarial reconstruction definition but still are very close
to its working.

e Anexamplein NLPis AE-SCL: Ziser and Reichart [66]
brought SCL [16] into the neural networks using
Autoencoders; their network is called Autoencoder-SCL
or AE-SCL. AE-SCL does not reconstruct the input
but predicts if the pivot features will be present in the
input or not. They used this for cross-domain sentiment
analysis. They further improved AE-SCL using Pivot-
Based Language Modeling (PBLM) [67] and Task
Refinement Learning using PBLM (TRL-PBLM) [68].

e An example in CV is DiscoGAN: DiscoGAN [69] is
also very similar to CycleGAN, the difference being
that it does not have cyclic reconstruction loss.
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FIGURE 6. Domain-Adversarial Neural Network (DANN) trains two network together. DANN trains feature extractor (green network) and
class/label predictor (blue network) on source data. DANN also trains feature extractor (green network) and domain classifier (pink
network) on the source and target data. The gradient reversal layer (GRL) allows the feed-forward network to progress as it is; however,
during the backpropagation, it changes (reverses but multiplies by a negative quantity) the gradient from domain discrimination, which
leads to the feature extractor (green network) understands domain invariant features (domain confusion). A helps to learn the
classification features and then slowly learn domain features. Best viewed in color.

C. MULTI-DOMAIN ADAPTATION

Multi-Domain DA setting differs from a typical DA setting
in that either number of source domains would be multiple
(called multi-source adaptation), or the number of target
domains would be multiple (called multi-domain adaptation).

1) MULTI-SOURCE ADAPTATION

To create more robust domain-adapted models, it makes sense
to train the models on multiple sources. In earlier surveys
(pre-deep learning), Sun et al. [70] mention training an indi-
vidual classifier on individual source domains and a target
domain and then merging the base classifiers or merging all
the sources as one source and then training. For deep learn-
ing, Zhao et al. [71] again mention the use of discrepancy,
adversarial, and feature alignment-based strategies. Another
strategy or area explored is intermediate domain generation
for adaptation; in this case, a domain is generated using
domain generators (typically GAN-based).

Moment Matching for Multi-Source Domain Adapta-
tion(M3DA) [72] created a multi-domain dataset called
DomainNet with 6 domains. Further, they dynamically
aligned moments of feature distributions of the multiple
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labeled source domain and the target domain. Zhao et al. [73]
introduced Multi-source Adversarial Domain Aggregation
Network or MADAN, which essentially uses CycleGAN
(sub-domain aggregator discriminator for source domains
and cross-domain cycle discriminator for source-target
domains) coand creates a latent adapted domain for all
source data and target data. Similarly, Russo, Tommasi, and
Caputo [74] used CoGAN to adapt each source and tar-
get domain. Rebuffi et al. [75] used one residual adapters
(which sit on the residual branch) for each domain. Yang and
Hospedales [76] provided both multi-task and multi-domain
perspectives using low-rank tensor methods; this work also
provides an alternative to zero-shot learning.

In NLP, Guo et al. [77] introduce DistanceNet-Bandit, with
distance metrics (DistanceNet) providing loss functions in
addition to task loss along with using multi-armed bandit
to control switching between multiple domains dynamically.
Guo et al. [78] used meta-learning to combine predictors from
each source-target domain.

In time-series, Zhu et al. [79] used a multi-adversarial
strategy where multiple source domains (sample of roller
bearings) were projected into a shared subspace, and domain
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TABLE 9. Adversarial reconstruction-based methods.

Sr. Example Data Key Idea
No. Domain
1 Domain Separation Networks CV  DSNis an Auto-Encoder (AE) framework that looks to understand features/representations private to the

(DSNs) [31]

specific domain alongside shared features/representations. The shared and private spaces are orthogonal
to each other; that way, DSN can separate domain-specific information from information shared across
domains. Further, reconstruction loss (one amongst other losses) forces the network (decoder) to
reconstruct the original input example using features present in that domain’s private and shared domain
features/representations.

The authors used the DSN concept from CV and applied it to NLP for text classification and named entity
recognition (NER) tasks using single Bidirectional long short-term memory (BiLSTM).

GSN used a variant of DSN called Genre Separation Networks (GSNs) in NLP, using deconvolution for
reconstruction from word embeddings.

CycleGAN is a GAN-based reconstruction-based method - a type of domain mapping (image-to-image
translation) network which aims to reconstruct (based on cycle consistency loss) the source image back
after translating it from source to target domain, alleviating the need for paired images.

CyCADA takes inspiration from CycleGAN to include cycle-consistent loss alongside other losses
(image-level loss, feature-level loss, and task loss). All the losses together, when minimum, support DA.

2 Adversarial Adaptation of Synthetic =~ NLP
or Stale Data [52]

3 Genre Separation Networks (GSNs) ~ NLP
[62]

4 CycleGAN [63] CvV

5  Cycle-consistent adversarial domain ~ CV
adaptation (CyCADA) [64]

6  Deep Reconstruction Classification CvV

Networks (DRCN) [65]

DRCN used pair-wise reconstruction loss and focused on unsupervised reconstructing target domain data.
DRCN can be visualized as a Convolutional Neural Network (CNN) having two pipelines — one for
supervised classification of source domain labels, the other for reconstruction, sharing the same decoder
(convolution and fully connected layer).

invariant features were obtained. Xia et al. [80] introduced
a moment matching-based intraclass multisource domain
adaptation network, which measures the discrepancy (MMD)
between each source domain and target domain samples.

2) MULTI-TARGET ADAPTATION

Typically, DA follows the pairwise approach, with the
source domain linked to the target domain. Inspired by [73],
Gholami et al. [81] also look for shared information
across domains. They propose Multi-Target DA-Information-
Theoretic-Approach or MTDA-ITA, which uses private
and shared spaces between source and target combina-
tion, much like Domain Separation Networks (DSN) [31].
Isobe et al. [82] used multi-target DA for semantic seg-
mentation tasks using the individual source-target and indi-
vidual bridges created amongst the pairs for collaboration.
A student model is learned based on all the individual
source-target model pairs using regularization on each indi-
vidual source-target model pair. Similar knowledge dis-
tillation is understood in Multi-Teacher Multi-Target DA
(MT-MTDA) [83]

D. HYBRID METHODS
Hybrid methods indicate the amalgamation of multiple tech-
niques discussed before for executing DA.

1) ENSEMBLE-BASED METHODS

Ensemble methods contain multiple models, where the out-
put of multiple models is combined, typically averaging
in regression and voting in case of classification tasks.
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The diversity of the models makes sure that the deviation
from correctness is not much. One of the most significant
drawbacks of these models is that they are computationally
expensive. Ensemble methods for DA can be segregated
into two sub-techniques — pseudo labeling ensembling and
self-ensembling.

In the case of the self-ensembling method, the combining
of output is done on multiple outputs of a single model
over time. Combining outputs over time is also known as
temporal ensembling. French et al. [84] used Teacher Student
(mean teacher variant) architecture proposed by Tarvainen
and Valpola [85], as a self-ensemble technique for visual DA.
The teacher network is first trained on the task and outputs
floats (probabilities) instead of Boolean (0-1 integer) labels.
The student then learns from the teacher, and the student can
learn things better because the teacher informs the student
of the nuances. Gradient descent is used to train the stu-
dent network, while the exponential moving average of the
student network is the weight of the teacher network. The
training loss is a combination of a supervised and an unsuper-
vised component. This architecture dramatically reduces the
model parameters without compromising on accuracy met-
rics. In NLP, [86] also used adaptive ensembling, an extension
to temporal ensembling, and classified political data while
studying temporal and topic drift. They used a temporal
curriculum and a student-teacher network.

Another data-centric variant of ensembling is pseudo-
labeling ensembling, wherein the target domain labels are
provided based on the combined perspective of compris-
ing models. If most models converge, i.e., there is high
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not seen in every multi-modal DA setting. Best viewed in color.

confidence in label class for a particular instance of the target
domain. An instance of the target domain (not the source
domain) is used for training the target classifier, hence the
name of the technique pseudo-labeling. In computer vision,
Saito et al. [87] proposed Asymmetric Tri-Training (ATT),
which had two networks providing the labels for target
domain instances — first trained on the source domain if the
two networks converge, then the pseudo label is assigned to
the target instance, and that data is used for training the third
network. Final labels don’t have to be provided at all times,
and the probability score can also be used instead (examples:
Zou et al. [88] and, to some extent, French et al. [84])

E. MULTI-MODAL DOMAIN ADAPTATION

Multi-modal is a complex data domain with respect to
DA, as the DA process has to take into account the dif-
ferent modality structures and different domain shifts (for
each modality). In the case of heterogeneous multi-modal
DA, the DA process must also take care of different fea-
ture spaces/ feature representations/ dimensions of feature
spaces.
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1) HOMOGENEOUS MULTI-MODAL DOMAIN ADAPTATION
Most of the work in DA supports homogeneous data, i.e.,
feature space remains the same (x* = x'), but the shift is
because of different data distributions, i.e., P(X*) #P(X").
When both source and target domain would have at least
two modalities, i.e., multi-modal, but still, the feature space
(features fed for the task perspective) is the same, it is
called Homogeneous multimodal DA. Typical homogeneous
multi-modal architecture (refer to Figure 7) does imple-
ment intra-modality interaction compulsorily; however, it is
seen that implementation of inter-modality and inter-domain
aspects is optional.

Qietal. [89] created a multi-modal DA network with atten-
tion and fusion modules along with hybrid domain constraints
to learn domain invariant features. The intra and infer units
in the attention module help to understand the relationship
among modalities. The bilinear model approach ([90], [91])
was used for fusion, and then tucker decomposition was used
to support computational (GPU) [92] restriction.

For social media event rumor detection, Zhang et al. [93]
proposed Multi-modal Disentangled Domain Adaption
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(MDDA), which looks to resolve two challenges — entan-
glement and domain. Disentanglement of event content with
rumor style was done as part of the first challenge, and
domain shift was tackled in the latter challenge (with only
rumor style taken after the first challenge). The network
learned only a transferrable rumor style with the alignment
of feature distributions over different events.

Multi-Modal Self Supervised Adversarial Domain Adap-
tation or MM-SADA [94] uses two modalities — optical flow
and RGB of EPIC-Kitchens video dataset, and understand
if the fine-grained action recognition (depends highly on
the environment) can be improved across dataset domains.
They used self-supervision across two domains with both
modalities and adversarial adaptation between each modality
of source and target data (i.e., one discriminator for RGB and
one for optical flow).

Li et al. [95] look at DA amongst multiple modalities
from domains (scripted source, improvised source). They use
an emotion recognition model based on adversarial training
(which helps to remove domain difference between emotion
elicitation approaches) and a soft label loss approach (which
helps to understand non-rigid emotions and to consider emo-
tion and domain categories simultaneously).

2) HETEROGENEOUS MULTI-MODAL DOMAIN ADAPTATION
One of the most prevalent real-world data is the heteroge-
neous multi-modal domain; as deep networks look to use
more heterogeneous multi-modal data, it is imperative to
learn DA in heterogeneous multi-modal settings. The DA,
in the case of heterogeneous data, is carried out by extracting
features of two domains using separate network and the task
level aspects either by sharing weights (strong parameter
sharing) or weakly parameter-shared weights as in the work
of Shu et al. [96].

The importance of heterogeneous multi-modal DA lies
when one of the modalities is missing in the target domain:
consider the source domain having modalities m/ and m2,
while the target domain may just contain m3 with missing
m4. Ding et al. [97] look at solving a real-world ‘Missing
Modality Problem’ by introducing Missing Modality Trans-
fer Learning via latent low-rank constraint (M2TL). The
transfer of learning is twofold — one, from one database
to another (cross-database transfer), and two, from source
modality to target modality (cross-modality transfer). They
use low-rank matrix constraint to learn subspace within a
database across modalities and MMD to couple databases in
the source domain (known modalities).

Conditional adversarial domain adaptation [58] uses con-
ditional domain adversarial networks (CDAN), a variant of
the adversarial discriminative model, which assists adver-
sarial adaptation by employing discriminative information
understood in the classifier predictions. The discriminator
is conditioned on the cross-covariance of domain-specific
feature representations and classifier predictions. CDAN can
adapt to multi-modal data distributions and can support
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scenarios involving higher-dimension also (supported by a
variant called Randomized Multilinear (RM) conditioning).

Athanasiadis et al. [98] present Domain Adaptation Con-
ditional Semi-Supervised Generative Adversarial Networks
(dacssGAN) in the realm of emotion recognition, where
domains (audio, video) are heterogeneous and multi-modal.
The network uses GANs and conformal prediction tech-
niques [99] to implement DA.

Seo et al. [100] aim to improve audio-visual sentiment
analysis performance using text modality during the training
phase by “transferring knowledge” of unimodal (text modal-
ity) to other modalities (audio and visual). The knowledge
transfer employs the reduction of distribution differences of
feature representation in data for each modality.

In NLP, Cross-lingual translation also falls under hetero-
geneous tasks as the words and the construct of the two
languages are very different, leading to an assumption that
input features don’t match. i.e., x* # x’. Various attempts,
including Conneau et al. [101], have been made to sup-
port cross-lingual DA as an unsupervised task; however,
S@gaard et al. [102] showed that the underlying assump-
tion that the words are isomorphic in a language is incor-
rect. They further suggested that a weakly supervised
solution outperforms (the metric used was bilingual dic-
tionary induction scores) unsupervised cross-lingual DA.
Conneau et al. [103] mentioned that pre-trained models (dis-
cussed later in the section Pre-Trained Models) achieve better
results in unsupervised cross-learning representation trans-
lation tasks. Generative adversarial text-to-image synthe-
sis [104] provided a way to generate an image based on text,
translating visual concepts of pixels from characters using a
convolutional-recurrent neural network. Along similar lines,
StackGAN [105] also created photo-realistic images in two
stacked steps from the text.

F. DOMAIN ADAPTATION IN COMPUTER VISION (CV)

This section focuses on DA strategies typically only seen in
the computer vision data domain and not shared with other
data domains.

1) NORMALIZATION LAYERS
Normalization layers help maintain a stable training of neural
networks and are used in nearly all neural networks. A few
examples of normalization layers in regular neural networks
are batch normalization or batchnorm [3], layer normaliza-
tion or layernorm [106], instance normalization or instan-
cenorm [2], and group normalization or groupnorm [107].
Chang [108] created a DA framework using a domain-
specific batch normalization layer — other model parameters
were shared between domains. Li et al. [109] proposed the
Adaptive Batch Normalization (AdaBN) layer. The intuition
behind the layers is that these layers learn domain knowledge
in contrast to weights learning task knowledge and biases
learning some sort of priors. Carlucci et al. [110] in Auto-
DIAL built further on [109] AdaBN layers and used DA
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layers amongst the standard CNN layers. The purpose of
these layers was to normalize the target and source mini-
batches (separate for two domains) but influenced by each
other based on a parameter learned as part of the training
process.

Roy et al. [111] proposed Domain-specific Whitening
Transform (DWT) — domain alignment layers to com-
pute intermediate feature covariance matrices, along with
Min-Entropy Consensus (MEC) loss (a merger of entropy and
consistency loss) for coherent predictions for sample.

2) SELF -SUPERVISION METHODS

Self-supervision DA methods look at joint training of an aux-
iliary self-supervision task alongside the main task and there-
fore are also aligned to multi-task. In the Deep Reconstruction
Classification Network (DRCN), [65] had a deconvolution
network to reconstruct the image (an auxiliary self-supervised
task) while the convolution network performed the label pre-
diction (main task). The feature mapping parameters were
shared in DRCN, very much similar to Figure 8. The intuition
is that the main task receives knowledge transfer from the
auxiliary task.

Carlucci et al. [112] used the auxiliary task of jigsaw puzzle
solving (permutation index) while solving the main task as a
DA/DG strategy. It is noted that typically the auxiliary task
is an unsupervised task; however, the main task is a super-
vised task. Xu et al. [113] further increased the number of
auxiliary tasks (image rotation prediction, flip prediction, and
patch location prediction), further underlying those low-level
differences (like pixel-level reconstruction/prediction) are not
much useful in DA. In contrast, high-level structural task
(like part of image rotation) is very useful. Kim et al. [114]
showed that the self-supervision technique is useful even
with few labeled instances in the source domain. They
used within-domain instance discrimination (in-domain self-
supervision) and cross-domain matching (across-domain
self-supervision) to learn features that are domain-invariant
as well as discriminative.
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G. DOMAIN ADAPTATION IN NATURAL LANGUAGE
PROCESSING (NLP)

This section focuses on DA strategies typically only seen
in the NLP data domain and not shared with other data
domains. Most of the work in DA has been done in the
CV area, though the origins of DA have been in NLP. For
example, DANN [49] was initially applied to sentiment clas-
sification, but later it was used for computer vision clas-
sification tasks. Ramponi and Plank [115] categorize NLP
domain adaptation models into Model-Centric, Data-Centric,
and Hybrid. Model-Centric models (focus on augmenting the
feature space, tinkering with loss functions, and changing the
architecture of the model), discussed before, has been used
in other applications and computer too. Pre-trained models
are Data-Centric models and are discussed below, and hybrid
models are discussed in the section Hybrid Methods.

1) PRE-TRAINED MODELS

The Data-Centric models are not shared with computer vision
tasks, perhaps because these models focus on data elements,
different in computer vision and NLP, to support adaptation.
These models are less prevalent but, of late, have picked
up the interest of researchers. BERT Devlin et al. [116]
was a model to revolutionize transfer learning— other
methods include pseudo labeling, pre-training (zero-shot)
(example: Multilingual BERT)/fine-turning (including multi-
phase) (example: SciBERT [117] / BioBERT [118]).

Figure 9 provides a typical pre-trained training strat-
egy, and Table 10 lists different pre-trained training data
and strategies. Based on the DA definition, Pre-training
and fine-tuning are not kinds of DA processes, but these
transformer-based language models are task agnostic in the
sense that they can be fine-tuned on specific tasks using a
small dataset. It is included in this survey for completeness.

AdaptaBERT [119] used a two-step approach for domain-
adaptive fine-tuning. In the first step, they performed domain
tuning by taking contextualized word embeddings (unla-
beled source and target domain data) and maximizing the
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TABLE 10. Pre-trained training data and strategies.

Sr. Reference Overall Pre-training (Single or Multiple) Fine Tuning
No. Strategy
Data Strategy Data Strategy

1 BERT [116] Pretraining only ~ General Domain (English Wikipedia Masked LM Domain- Task-Specific

and BookCorpus) Specific

2 Multilingual BERT  Pretraining only ~ Text from 104 languages (Cross- Masked LM Domain- Task-Specific

lingual Natural Language Inference Specific
(M-BERT) (XNLI [120]) dataset)

3 ULMFTIt [121] Multi-phase General Domain (Wikitext -103) AWD-LSTM LM [122] Domain- Task-Specific with
Adaptive Pre- Specific ~ Gradual Unfreezing
training Domain-Specific Discriminative fine-tuning (e.g., Back

[123] and slanted triangular Propagation

learning rates Through Time for
Text Classification
(BPT3C)

4 BioBERT [118] Multi-phase Specific Domain corpora (PMC full- Initial weights of BERT Domain- Task-Specific
Adaptive Pre- text articles and PubMed abstracts) Specific
training Named Entity Recognition,

Task-Specific Data sets Relation  Extraction, and
Question Answering
5 DAPT + TAPT Multi-phase Broader Corpus from Domain Domain Adaptive Pre-Training Domain- Task-Specific
[124] Adaptive Pre- (biomedical (BIOMED) papers, (DAPT)-—Masked LM Losson Specific
training computer science (CS) papers, ROBERTa [125]
newstext from REALNEWS, and
AMAZON reviews) Task Adaptive Pre-Training
(TAPT)
Unlabeled data closer and relevant to
task distribution (total 8, 2 data sets for
every four domains)

6 STILTS [126] Auxiliary Task Unlabeled data (not very different LM on unlabeled data (BERT Domain- Task-Specific
Adaptive Pre- from task data) [116], ELMo [127], GPT Specific
training [128])

Labeled-data

Intermediate Task Training
(target or auxiliary task)

probability of masked tokens. In the second step, they focused
on task tuning by taking labeled source data and back-
propagating for the desired task (PoS tags in this case).

2) MULTI-VIEW LEARNING
Another NLP-specific DA technique is multi-view training
(also discussed briefly in heterogenous DA). Different views
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of data are used to train different models in multi-view
training. The views differ from each other in the following
dimensions (or a combination of dimensions):

1. Architecture of models
2. Features
3. Data used for training
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The philosophy behind multi-view training is that the views
complement each other, and the collaborated models improve
each other’s performance. Examples of multi-view training
are Co-Training [31], Democratic Co-Training [129], and Tri-
Training [130]

H. DOMAIN ADAPTATION IN SPEECH

In speech domain adaptation tasks, the focus is to first
identify which elements of the data are actually speech
and not noise; for the elements identified as speech, then
the focus is either recognition of speech called Automatic
Speech Recognition (ASR) or adapting to a speaker. Text-
to-speech (TTS) is a multi-modal variety where the out-
put modality (space) is speech. The DA strategies that
are typically employed are discrepancy based ([(131])(refer
to section Discrepancy-Based Methods), adversarial-based
([132], [133]) (refer to section Adversarial Methods),
pseudo-semi-supervised training based ([131]) (refer to
section Pseudo-Semi-Supervised Domain Adaptation) and
knowledge distillation based ([134], [135]) (Ensemble-based
methods or Teacher-student based, refer to section Ensemble-
Based Methods).

One speech-specific strategy understood is the work by
Zhang [136], where a pretraining process is undertaken on
the DNN model using unlabeled target domain data first.
Later, labeled source data is used to fine-tune the network.
The intuition behind the pretraining process is to seek shared
representation.

I. DOMAIN ADAPTATION IN TIME-SERIES

Typically, the tasks that are prevalent in time-series DA are
classification (generally 2 class classification) and forecast-
ing (predicting based on past time-stamped information). Fur-
ther, the problems solved are univariate and multivariate, i.e.,
involving multiple time-stamped variables used for predic-
tion, e.g., pressure, temperature and flow rate predicting fault
in a power station. Jin et al. mention [137] the complexity in
time-series DA as two-fold:

1) Varyinginput and output space: The output space of
the source domain time-series (say, the flow rate in
the power station) may be different from the output
space of the target domain time-series (say, a count
of units in a warehouse). Hence, it is imperative that
not only domain-invariant features are captured but
also domain-specific features be captured as in Domain
Adaptation Forecaster (DAF) [137]. Similarly, input
space may be different.

2) Dependence on different time period subsets:
It may be possible that the outcome (classifica-
tion/forecasting) may not be captured by overall history
representation. In most likelihood, it would be a subset
of overall time-period representation that may impact
the outcome.

A survey on sensor time series [138] mentions that the
strategies used for time-series DA bear much resemblance to
non-time-series DA, with two specific strategies for
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time-series DA — input space adaptation and output space
adaptation.

1) INPUT SPACE ADAPTATION

In the input space DA strategy, the impetus is to use/generate
the source domain samples which resemble the target domain
samples, much like reconstruction-based methods. Typically,
prior knowledge (Wang et al. [139]) or GANs (Contra-
GAN [140]) are used in this strategy.

2) OUTPUT SPACE ADAPTATION

Output space DA strategy is used both for classification
and forecasting (DAF [137]). In the case of classification
Yang et al. [141], high-confidence labels on the target
domain are selected for training, analogous to pseudo-semi-
supervised training (refer to section Pseudo-Semi-Supervised
Domain Adaptation). In the case of forecasting, domain-
specific features are used (values of transformer network in
DAF [137])

J. EMERGING DOMAIN ADAPTATION FOR PRACTICAL
SETTINGS AND REAL-WORLD CHALLENGES

Some models and techniques available in the literature do not
fit into existing categories, have gained a lot of traction, and
are, to some extent, very innovative and adapted to more prac-
tical settings and/or real-world challenges. These emerging
DA techniques are mentioned below.

1) FEW-SHOT DOMAIN ADAPTATION

The challenge with few-shot DA is that there is not enough
target data that can conclusively conform to the simultaneous
requirements of DA. These requirements are domain confu-
sion and representation alignment between the two domains.
One of the first works on few-shot DA is Motiian et al. [142].
They introduced Few-Shot Adversarial Domain Adaptation
(FADA) using adversarial learning focusing on speed of adap-
tation. They alleviated the difficulty mentioned before by
mixing source and target samples into four categories based
on domain and class labels, and the classifier then worked on
these four categories instead of the standard two. Further, they
initialized the network (feature extractor and label classifier)
using source data only, then updated the domain class dis-
criminator (freezing feature extractor). Finally, they froze the
domain class discriminator and updated the feature extractor
and label classifier.

In the Domain-Adaptive Few-Shot Learning (DA-FSL)
[143], they look to solve even a more complex problem
related to few-shot learning, i.e., target data may have
classes that can come from different domain. The focus
of the domain-adversarial prototypical network (DAPN) in
DA-FSL is to attain alignment in global domain distribution
while keeping class discriminative-ness intact by introduc-
ing new losses (domain discrimination, domain confusion,
classification). The losses are weighted using an adaptive
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re-weighting mechanism. Another novel aspect was the use
of attention before the embedding of the source.

Further, Yue et al. [144] proposed an end-to-end Few Shot
Domain Adaptation method, which includes self-learning
(called Prototypical Cross-domain Self-Supervised Learning
(PCS) framework) and is unsupervised. The main idea is
knowledge transfer from source to target is to find similarities
between instance and prototype (representative), making the
transfer more robust.

2) ZERO-SHOT DOMAIN ADAPTATION

Zero-Shot DA is a complex scenario because actual target
domain data is not present during training time; only some
information about it (typically target metadata) is available.
Zero-Shot DA differs from DG because DG does not have
any information about the target data, not even the metadata.

1) Zero-Shot Learning (usage of task-irrelevant data):
For the computer vision task, Peng et al. [145] used
information in task-irrelevant data (domain pairs) to
help understand network information about the non-
available task-relevant target domain.

2) Zero-Shot Learning (new labels in the target
domain): The intention is to learn ‘different” class
labels in the target domain, given labels in the source.
This is genuinely not a DA scenario, as the label domain
is different in both source and target. An example men-
tioned in Kodirov et al. [146] is that the label “Polar
Bear” can be represented as embedding vectors of ‘has
fur,” “is white,” and ‘eats fish.” Any semantic embedding
that is close to these embedding vectors can help label
effectively.

3) LABEL SET DIFFERENCE IN DOMAINS

This perspective helps to close the category (label) gap in DA
— it may be possible that the target label set may contain more
(or open-set) or less (or partial) than the source. The typical
DA scenario is called closed-set DA, where the label set in
source and target is the same. The solution that supports both
open-set and partial is called universal domain adaptation.

1) Open (set) Domain Adaptation: The Open DA idea
by Saito et al. [147] uses an adversarial generative
model where the generator creates samples different
from the data boundaries of source samples. The fea-
ture extractor component can either align the features
of the target domain within the boundaries of the source
domain or push away from the boundaries; the samples
pushed away from boundaries represent the unknown
class. The separate-to-adapt strategy ([148]) progres-
sively (coarse boundaries to finer boundaries) separates
known classes and unknown classes and uses the adver-
sarial discriminative method. Saito and collaborators
again discuss open-set domain adaptation with a bench-
mark towards open-set classification in syn2real [149].
Pan et al. introduced Self-Ensembling with Category-
agnostic Clusters (SE-CC) [150]), which helps in
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domain adaptation by looking at cluster distribution of
unknown (new) classes, giving more understanding to
the network to segregate between known and unknown
classes and within known classes.

2) Partial Domain Adaptation: The source domain hav-
ing a greater number of label classes than the target
domain, i.e., Partial DA setting, leads to a problem
of negative transfer. Partial Adversarial Domain Adap-
tation (PADA) [151] implements an adversarial dis-
criminative method and aligns the feature distribution
of two domains in a shared space. Further, it weighs
down the importance of the extra class(es) of the source
domain. Cao et al. [152] extend their previous work
using Example Transfer Network (ETN), where the
strategy of weighting down the class importance is
different. It evaluates transferability and only transfers
examples like the target domain.

3) Universal Domain Adaptation: Universal DA is one
of the most complex DA scenarios to deal with, and
the research attempts are very recent. The idea by
You et al. [153] is typically to appreciate two ele-
ments — domain similarity (which helps to understand
if the task can be supported) and prediction uncertainty.
Domain similarity deduces samples coming from sim-
ilar labels, while prediction uncertainty deduces the
unknown class. It further includes aspects of partial
domain adaptation strategies by the same research
group and supports all settings — closed/partial/open-
set variations. The training tries to find an optimum
probability (that the sample is part of the source class)
which can help segregate if data can be worked on;
else, mark it as unknown. V. N. and Kundu et al. [154]
support Universal DA by using a proxy of unobserved
class (a hypothetical negative class) and therefore helps
in class separability.

4) CONTINUOUS / SEQUENTIAL / INCREMENTAL DOMAIN
ADAPTATION

In a representative DA setting, the source data and target data
are available during the training time. However, in real-world
settings, target data may be made available as we progress on
DA testing over time, or the target domain itself may change.
In these settings, continuous (or sequential or incremental)
DA is imperative.

1) Online domain adaptation: In the work of J. P. and
Mancini [155], continuous domain adaptation is done
using batch normalization for unsupervised domain
adaptation. Sharing of network parameters happens
between source and target (online) except for the batch
normalization params. Batch normalization parameters
are updated on the go (over time). This online DA
strategy was used in robotics use where the objects
were lit differently in different settings.

2) Predictive and Online domain adaptation: For
unsupervised learning scenarios, Mancini et al. in
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AdaGraph [156] focused on a predictive domain adap-
tation scenario with an online learning component.
The system learned generalizing from annotated source
images alongside unlabeled samples (with associated
metadata) from secondary domains. AdaGraph is used
to understand the domain-specific parameters, and it
provides those parameters to batch normalization lay-
ers as part of predictive DA.

3) Continuously Changing Domains: Sometimes, the
task involved is such that domains vary continuously
(e.g., self-driving car driving on a sunny day, and sud-
denly it rains); we cannot treat the shift as discrete or
static domains. Continuous Unsupervised Adaptation
or CUA [157] learns to adapt to new distribution
without not deviating (replay) from how it performed
in previous distributions. CUA has an element of
adaptation (Adapt Module) and memory (to replay if
the same domain is countered again, called Replay
Module).

4) Continuously Indexed Domain Adaptation: One of
the drawbacks of the existing DA techniques is that they
look to transfer knowledge between categorical (A and
B) domains. However, in the real world, continuously
indexed domains are involved in many tasks. Contin-
uously Indexed Domain Adaptation or CIDA [158]
conditions domain index distribution on a discriminator
that models the encoding. Another variant of CIDA
is Probabilistic CIDA (PCIDA); here, instead of the
predicted domain index as output, it provides mean and
variance for the domain.

5) OPEN COMPOUND DOMAIN ADAPTATION (OCDA)

At times, there do not exist any clear boundaries amongst
the source and multiple target domains. X. S. and Liu [159]
concentrated on open compound domain adaptation (OCDA),
where the target domain is a composite of numerous unla-
beled and homogeneous domains. To bootstrap generaliza-
tion, they used curriculum domain adaptation in a data-driven
self-organizing fashion — understand easy-to-hard, based on
domain gaps. OCDA also separates characteristics discrim-
inative between classes from those specific to domains. The
curriculum of domain-robust learning is constructed from the
teased-out domain feature. Further, the use of memory mod-
ules increases the support for new domains. The knowledge
transfer happens from the source domain to target domain
instances, and also, the network can dynamically balance the
memory-transferred knowledge and the input information.
If the new domain is close to any source domain, it can work
as a typical domain adaptation; in case of a difference, the
memory module helps.

6) SOURCE DATA RESTRICTIONS

There are conditions where data privacy is a concern or source
data is not available. DA model that relies less on no source
data (post model creation) is a boon in those conditions. For
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example, Source Hypothesis Transfer (SHOT) by Liang et al.
[184] only uses the source model instead of the source data.
The model aligns the source model with target data by learn-
ing target-specific features (uses information maximization
and self-supervised pseudo-labeling).

Universal Source Free domain adaptation [154] and Feder-
ated domain adaptation [160] also aim to support DA where
the availability of source data during training is unsure.
V. N. and Kundu et al. [154] support Universal DA (closed,
open set, and partial domain adaptation) and use synthetically
generated hypothetical negative classes, which can act as a
proxy for the unobserved class, knowledge of class separabil-
ity, and category gap. In federated domain adaptation [160],
model parameters are trained for each source note separately,
converging at different speeds. The use of dynamic atten-
tion help understands the weightage of each source model.
Federated domain adaptation also uses concepts of Domain
Alignment, Domain Disentanglement, and Mutual informa-
tion minimization.

7) SELF-SUPERVISED LEARNING IN DOMAIN ADAPTATION
Self-supervised learning (including domain adaptation) is
typically a two-step sequential process; the first process
step includes unsupervised learning from a pretext task (in
CV: rotation, image reorganization, implanting, coloriza-
tion, etc.), which is used to understand intrinsic domain
information (in CV: say semantic information of images
in a particular domain). In the second process step, this
learning is applied to a new task which further broadens
it. Bucci et al. [161] implemented a similar process for
object recognition across domains. The first task broad-
ens the previous supervised learning of semantic labels,
and the second task focuses on understanding the structure
of the objects and their orientation. Given that label bias
does not affect self-supervised learning, it can be used in
partial (Bucci et al. [162]) and open-set (Bucci et al. [163])
DA areas.

8) META-LEARNING IN DOMAIN ADAPTATION
Meta-learning (or learning-to-learn) represents algorithms
that learn from the output of other algorithms. These sit one
level above (can be visualized as outer loop algorithms) over
the standard task algorithms and are vital in model selection
and tuning processes. Li and Hospedales [164] implemented
meta-learning for semi-supervised DA and multi-source DA;
they also mentioned that meta-learning could be used for
good initialization. Meta-learning in DA helps to increase
evaluation metrics (positive impact) by 0.7% (DANN) to
2.5% (MCD). Another example in the speech domain is the
adaptation of generative-based dialogue systems for unseen
domains - Ribeiro et al. [165] improved DiKTNet (a dialogue
model) adaptation to unseen domains using meta-learning.
Meta-learning also finds use in domain generalization
([166], [167])
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FIGURE 10. Typical Pseudo-semi-supervised DA strategy. A subset of target data is pseudo-labeled using “non-adapted” source model. The
“core-DA” task ensures that the pseudo-labels assigned are corrected. Best viewed in color.

9) PSEUDO-SEMI-SUPERVISED DOMAIN ADAPTATION

This set of methods includes the treatment of a subset of
unlabeled target domain data and labeling them before the
start of the “‘core’” DA process (refer to Figure 10). Therefore,
for the “core” DA process, there exists a subset of target
domain data that is labeled and hence the name pseudo-semi-
supervised DA. It may be noted that the initial labeling of
unlabeled target domain data may be accurate or inaccurate,
which is further refined during the “‘core” DA process.

1) Active Learning in Domain Adaptation (Active

DA): While DA attains excellent results, the perfor-
mances of DA methods often fall far behind their
supervised counterparts. In such cases, active domain
adaptation (Active DA) has recently gained a lot of
interest. In the Active DA method, a subset of tar-
get samples is used to obtain annotations and fur-
ther helps to improve the performance of the “core”
DA. The focus is on selecting samples that not only
include the diversity of target data but also represent the
complexity.
Su et al. [168], in Active Adversarial Domain Adapta-
tion (AADA), used selection criteria based on diversity
cue (dependent on optimal discriminator in adversar-
ial setting) and uncertainty cue (dependent on cross-
entropy, a proxy for empirical risk). They showed
superior performance for digit recognition and object
detection tasks. Prabhu et al. [169] further improved
on basic active learning techniques of diversity cue and
uncertainty cue by proposing Clustering Uncertainty-
weighted Embeddings (CLUE). They weighted sam-
ples and selected them; here, diversity was supported
by clustering and uncertainty by entropy weighting.
They surpassed previous active learning-based SOTA
(i.e., AADA) results in digit recognition and object
detection.

2) Pseudo-Labeling in Domain Adaptation: Unlike
active learning, Pseudo-label DA includes applying the
model trained on labeled source data on a batch of
unlabeled target data to predict labels / annotate. Here
the labels/annotations on target data are not accurate
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but a reflection of labeled source data. Thereafter, one
of the techniques is to train a new model with labeled
source data and pseudo-labeled target data. However,
this method has the inherent weakness of propagating
noisy labels (incorrect labels).

In CV, Kim and Kim [170], worked on abating the noisy
label problem by implementing a joint optimization
framework, i.e., iteratively updating the model (net-
work) and pseudo-labels.

In NLP, Wang et al. [171] used Generative Pseudo
Labeling (GPL) for query-passage extraction purposes:
where they retrieved positive passages from labeled
data and applied that model for retrieving negative
passages in target data. Thereafter, they used Margin-
MSE loss which helped the cross-encoder to soft-label
query-passage pairs effectively. They then used the
soft-labeled pairs for the core task.

In time-series, as part of the output space strategy,
Yang et al. [141] selected high-confidence labels on
the target domain for training.

Moving Semantic Transfer Network (MSTN) [174]
looked to align the centroid of each class in
both labeled source and pseudo-labeled target data.
Chen et al. [175], in Progressive Feature Alignment
Network (PFAN), formulated an easy-to-hard strategy
(ETHS) and used only an easy sample for downstream
network (Adaptive Prototype Alignment or APA) use.
ETHS and APA were then used iteratively till conver-
gence for best results.

V. DATASETS USED IN DOMAIN ADAPTATION

This section captures the existing and emerging datasets used
for DA across CV, NLP, speech, time-series, and multi-modal
data domains. One observation is that researchers use very
few benchmark DA datasets, and the research is done in a
very narrow set of tasks.

A. COMPUTER VISION (CV) DATASETS

In Computer Vision (CV), most of the DA work has been done
in digit recognition and image classification. Complex CV
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TABLE 11. Common computer vision (CV) datasets used in DA.

Tasks Dataset Dataset Description Example DA References
Digit MNIST Modified National Institute of Standards and Technology (MNIST) consists of 70K DANN [49]
Recognition  [167] images (60K train+10K test) in 10 categories (digits) (28x28), monochrome. The DSN [31]
digits have been centered and size-normalized in a fixed-size image. Created from DFA-MCD [168]
the NIST database. Mean Teacher [82]
MNIST — M Color photos patches of BSDS500 randomly extracted are combined as background DANN [49]
[49] to MNIST digits to form MNIST-M (Modified). It contains 59K+1 training and DSN [31]
90K+1 test image of 32x32. DRANet [176]
TPN [47]
U.S. Postal Normalized (between -1 and 1) digit dataset from United States Postal Services ADDA [48]
Service handwritten scanned and segmented zip codes. 9229 samples in a total of 16x16. DFA-MCD [173]
(USPS) [177] MCD [178]
TPN [47]
SVHN [179] Street View House Numbers, 32x32 RGB cropped, printed, normalized, and centered ADDA [48]
house number digits extracted from Google Street View. 630K and 530K (less Mean Teacher [84]
challenging) samples. CyCADA [64]
TPN [47]
DWT [111]
Synthetic Synthetic numbers are created from Microsoft font. 32x32 images consist of various DANN [49]
Digits / orientations, background colors, positions, blur, etc. Around 500K samples are
Numbers [49] present.
Image Office-31 4110 images across 31 classes from 3 domains — Amazon (2817 total, 90 per class), FixBi [181]
classification / [180] DSLR (498 high-resolution images, 5 per class, different viewpoints (avg 3)), and Contrastive Adaptation N/W [38]
Object Webcam (795 low resolution) Generate to Adapt [182]
Recognition
Office- 15500 images across 65 classes and 4 domains — Art (artistic FixBi [181]
Home [183]  images/sketches), Clipart, Product (without background), Real-world. SHOT [184]
SPL [185]
DWT [111]
Image Office — 10 categories (overlapping with the Office and Caltech256 dataset) with DAN [39]
classification / Caltech 2533 images. Vector quantized to 800 dimensions, and SURF BoW histogram CORAL [36]
Object [186] features are also available for this dataset.
Recognition
Image DomainNet 569010 images across 6 Domains (clipart, real-world, sketch, infographic, painting, UAN [153]
Classification  [72] and quickdraw) include 345 categories (classes) of objects such as bracelets, planes, KD3A [187]
birds, and cellos.
ImageCLEF- ImageCLEF-DA consists of 50 images per 12 categories for each domain. This DADA [60]
DA [40] dataset was included in ImageCLEF 2014 domain adaptation challenge and includes SPL [185]
3 domains: Caltech-256 I, Pascal VOC 2012 (P), and ImageNet ILSVRC 2012 (I).
(Cross- Syn2Real Syn2Real includes 3 datasets: source — synthetic renderings of 3D models, validation Syn2Real [149]
Domain) [149] — images cropped from the Microsoft COCO dataset [188] and festing/target — Discriminative adversarial domain
Object images cropped from the Youtube Bounding Box dataset [189]. This is used for 3 adaptation [190]
Detection/ tasks of closed-set classification (12 categories), open-set classification (12 and other Mean Teacher with  Object
Classification categories) and detection. Relations (MTOR) [191]
Image VisDA-2017 Dataset for VisDA-2017 challenge into task areas — Image classification and Contrastive Adaptation Network
Classification/ [192] segmentation. 280157 images (synthetic data to real imagery) across 12 categories. [38]
Segmentation JAN [40]
TPN [47]
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TABLE 11. (Continued.) Common computer vision (CV) datasets used in DA.

Tasks Dataset Dataset Description Example DA References
Segmentation/  Cityscapes 5000 images (and 20000 additional images with coarse annotations) across 30 classes o  CycleGAN [63]
Object [193] from real urban scenes for semantic segmentation from 50 different cities. A subset e CoGAN [194]
Detection is used for object detection. . SAD [195]
. MTOR [191]
Object Foggy Simulated the dataset by adding fog to real scenes. It contains 20550 images based ¢  SAD [195]
Detection Cityscapes on Cityscapes [193] . MTOR [191]
[196]
Segmentation ~GTSRB German Traffic Sign Recognition Benchmark (GTSRB) contains images of 43 e  Mean Teacher [84]
[197] classes of traffic signs (rich background and varying light conditions), which are split e DAN [39]
into 39209 training images and 12630 test images.
GTAS [198] 24966 synthetic images from Grand Theft Auto — V, across 19 classes (Cityscapes e ProDA [199]
compatible) from a car perspective.
SYNTHIA  SYNTHetic Collection of Imagery and Annotations has 9400 virtual city images e  Self-supervised Augmentation
[200] across 13 classes Consistency [201]
Cityscapes  Cityscapes have got semantic & original images (5000 High-Quality annotations, e Unsupervised Domain Adaptation
Dataset [193] 20000 Coarse annotations) from 50 different cities. It serves as one of the benchmark method [202]
datasets in road semantic/urban scenery segmentation
Cross-City  Cross-City Dataset has 4 cities with 100 labeled images and 1600 unlabeled images e Unsupervised Domain Adaptation
Dataset [202] for each city in 647x1280 resolution method [202]
Video / HMDBS51 HMDBS51 contains 51 action categories (“kiss,” “jump,” “laugh,” etc., each having e TAN3N [204]
Action [203] 101 clips) and a total of 6849 realistic videos from various sources, including web JAN [40]
Classification videos and movies.
UCF101 13320 videos (27 hours of clips) from 101 action categories. Realistic user-uploaded e TAN3N [204]
[205] videos with a cluttered background. e  JAN [40]
Pose LINEMOD  An RGB+D dataset containing 1100, 15 object sequences with one object annotated o DSN [31]
Estimation [206] (6D pose, class label, bounding box)
Gaze MPIIGaze [207] MPIIGaze consists of 213659 real images from 15 contributors . DAGEN [208]
Estimation
EYEDIAP [209] EYEDIAP provides images in RGB and RGB-D format. 16 contributors over 94 e Domain  Adaptation  Gaze
sessions provided images in 4 variations Estimation Network (DAGEN)
[208]
3D point SemanticUSL SemanticUSL contains 16578 unlabeled scans (training data) and 1200 labeled e  LiDARNet [210]
cloud [210] scans (evaluation data)
segmentation
SemanticKITTI ~ SemanticKITTI contains 23201-point clouds (training data) and 20351-point clouds e LiDARNet [210]
[211] (evaluation data) in 22 sequences
SemanticPOSS ~ SemanticPOSS contains 2988-point clouds e  LiDARNet [210]
[212]
LIBRE [213] Real-world data features 3 environments & 10 LiDAR sensors — static targets, e Survey on deep DA for lidar

adverse weather & dynamic traffic.

perception [214]

DENSE [215]

High-quality, real-world camera+LiDAR dataset having 1150 scenes each 20
seconds. http://www.waymo.com/open

Pseudo-labeling for Scalable 3D
Object Detection [216]
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TABLE 12. Common natural language processing (NLP) datasets used in DA.

Tasks Dataset Dataset Description Example DA References
Sentiment Amazon Reviews or A subset of 142.8 million Amazon product Stacked Denoising Autoencoder (SDA) [34]
Analysis Amazon Product Data reviews of 4 product domains: Books DANN [47]
(SA) [208] (labeled -2000, unlabeled 6000), DVDs Neural Structural Correspondence learning (SCL) [64] [65]
(labeled -2000, unlabeled 34741), [66]
Electronic items (labeled -2000, unlabeled Adversarial Memory Network (AMN) (Attention + DANN +
13153), and Kitchen appliances (labeled - SCL MemNet) [53]
2000, unlabeled 16785) is used. Asymmetric tri-training [85]
Adaptation  amongst  the  twelve Wasserstein  Distance Guided Representation Learning
combinations (5C) experiments widely in (DANN) [52]
resear.ch. Labeled: 1000 positive, 1000 SSL, Multitask tri-training [127]
negative for each category Domain and Task Adaptive pre-training (incl. multi-phase)
[121]
Airline Review 41396 reviews scrapped from Skytrax Neural Structural Correspondence learning (SCL) [65]
[209] (www.airlinequality.com) in 4 categories:
Airline, Airport, Seat, and Lounge.
REALNEWS Out of 11.90M articles from Domain and Task Adaptive pre-training (incl. multi-phase)
[219] REALNEWS, a large corpus of Common [124]
Crawl’s news articles
115000 (4 classes) are used.
IMDb Reviews 50000 binary reviews from Internet Movie Domain and Task Adaptive pre-training (incl. multi-phase)
[220] Database (IMDb). Polarized reviews, [124]
either review score <4 or >7, is considered
for the purpose. At most, 30 reviews per
movie.
Text Fake News Challenge 4 stances from the Fake news challenge: A Variant of DANN [53]
Classification (www.fakenewschallenge. (unrelated), (discuss), (agree), and
(TC) org) (disagree) were used to classify text
(stance detection)
Fact Extraction and Based on Wikipedia classification, Fever A variant of DANN [53]
VERification (FEVER) Dataset has 55% (supported), 21%
dataset [221] (refuted), 24% (Not Enough Information
(NEI)) in total 185,445 claims.
Text Corpus of Historical 450 million words from 1990 till date, COHA is the largest structured o  Adaptive Ensembling (Temporal)
Classification ~ American English corpus of historical English. [86]
(TC) (COHA) [222]
Text The New York Times Of 1.8 million articles in NYT Annotated Corpus, 4,800 articles with e  TC: Adaptive Ensembling
Classification ~ Annotated Corpus [223]  US POLITICS & GOVERNMENT descriptors were used. (Temporal) [86]
(TC), . RE: Feature Extractor (piecewise
Relationship CNN, GRU-based RCNN ),
Extraction (RE) Attention, and Adversarial Training
[224]
Part of Speech Wall Street Journal Each sentence in the corpus is annotated with the Part of Speech e Adversarial Training — AT (DANN)
(POS) Tagging portion of Penn Tree (POS)tag. 45 Different POS Tag are used: sections 0-18 for training [57]
Bank (PTB-WSJ) [225] (38219 sentences, 912344 tokens), 19-21 for development (5527 e SSL, Multitask tri-training [130]
sentences, 131768 tokens), and 22-24 for testing (5462 sentences, o AdaptaBERT [119]
129654 tokens)
Treebank from Universal Multilingual treebank annotation in 33 languages (v1.2) for cross- e  Adversarial Training — AT (DANN)
Dependencies (UD) v1.2 lingual and NLP learning tasks. [57]
[226]
SANCL 2012 Shared Shared task dataset from parsing the web text from Google Web o SSL, Multitask tri-training [130]
Task Dataset [227] Treebank
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TABLE 12. (Continued.) Common natural language processing (NLP) datasets used in DA.

Tasks Dataset Dataset Description Example DA References
The  Tycho  Brahe Tycho Brahe Corpus (TBC) contains text in the Portuguese language Marginalized structured dropout
Corpus of Historical from 1502 to 1836, containing 1.4 million tokens. Different domains [229]
Portuguese [228] are created based on year bins.
PubMed-POS [16] PubMed-POS includes 2 domains — PubMed (target typically) and Frustratingly easy domain

WSIJ portion of Penn tree-Bank (source typically)

adaptation [18]

PPCEME
[230]

Penn Parsed Corpus of Early Modern English (PPCEME) is part of
Penn Parsed Corpora of Historical English (PPCHE) and includes text
samples and running text between early middle English and World
War 1. Typically, Part of Speech annotated part of the dataset is used.

AdaptaBERT [119]

Named Entity
Recognition
(NER)

CoNLL2003 [231]

Conference on Computational Natural Language Learning (CoNLL)
2003 data contains NER data in English and German and is the
seminal NER dataset. English data is taken from Reuters corpus
(1996-1997) and contains 1393 sentences and 4 categories (person,
location, organization, and misc.) and 35089 named entities in
CoNLL format.

AdaptaBERT [119]

Cross-Domain NER [232]
Adversarially Trained Language
Models [233]

WNUT [234] 2016 Workshop on Noisy User Text (WNUT) Named Entity AdaptaBERT [119]
Recognition in Twitter Shared task, has data in CONLL format. The Adversarially Trained Language
data is annotated with 10 fine-grained NER categories (person, geo- Models [233]
location, company, facility, product, music artist, movie, sports team,
tv show, and other)

LitBank [235] 210,532 tokens that are evenly drawn from 100 English literary texts Adversarial domain adaptation
with entity and event annotations. (ADA) (DANN + Contextual

Embeddings) [56]

TimeBank [236] 183 English news articles containing annotations for events and Adversarial domain adaptation

temporal relations between them. (ADA) (DANN + Contextual

Embeddings) [56]

BioNLP13PC [237]

BioNLP13PC contains 4 Named entities categories with 3
overlappings (Gene/ Protein, Chemical, Cellular component) with
BioNLP13CG. It contains 5100 sentences and 15900 named entities
in total.

Cross-Domain NER [232]

BioNLP13CG [237]

BioNLPI3CG contains 16 Named entities categories with 3
overlappings (Gene/ Protein, Chemical, Cellular component) with
BioNLP13PC. It contains 5900 sentences and 21300 named entities
in total.

Cross-Domain NER [232]

Named  Entity
Recognition
(NER)

CBS SciTech News CBS SciTech News Dataset contains 620 articles from CBS SciTech

Dataset [232]

News (https://www.cbsnews.com/) in 4 categories (person, location,
organization, misc.) overlapping with CONLL2003 entities with 4138
named entities.

Cross Domain NER [232]
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FIN [238] FIN dataset contains data from the Finance domain from public U.S. Adversarially Trained Language
Security and Exchange Commission (SEC) filings. It includes 8 Models [233]
documents annotated with 4 categories of CoNLL2003 (person,
location, organization, misc.) entities.
IJNLPBA [239] IJNLPBA is a Biomedical domain dataset and is a subset of the Adversarially Trained Language
GENIA corpus. It has around 22400 sentences and 5 entity types Models [233]
(protein, DNA, RNA, cell_type, and cell_line) GreenBioBERT [240]
BC2GM [241] BioCreative II Gene Mention Recognition (BC2GM) Dataset Adversarially Trained Language
contains 20100 sentences and is annotated with gene mentions. Models [233]
GreenBioBERT [240]
BCS5CDR [242] BioCreative V CDR corpus (BC5CDR) has 4409 annotated GreenBioBERT [240]
chemicals, 5818 diseases, and 3116 chemical-disease interactions and
is derived from 1500 PubMed articles
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TABLE 12. (Continued.) Common natural language processing (NLP) datasets used in DA.

Tasks Dataset Dataset Description Example DA References
NCBI-disease [243] NCBI-disease dataset is created from 793 annotated PubMed GreenBioBERT [240]
abstracts by 14 annotators. It has 6892 disease mentions
BC4CHEMD [244] BioCreative IV Chemical compound and drug name recognition GreenBioBERT [240]
(BC4CHEMD) contains annotated 10000 PubMed abstracts with
84355 chemical entities.
LINNAEUS [245] LINNAEUS is a multiformat (XML, HTML, tab-separated) dataset GreenBioBERT [240]
containing documents from the biomedical domain primarily derived
from the NCBI database, Medline, PMC, etc.
Relation English portion The English portion of the ACE2005 dataset consists of 6 genres Genre Separation Networks (Domain
Extraction (RE) of ACE2005 dataset

[246]

and 11 relation types.

The genres are: Broadcast Conversation (bc), Broadcast News (bn),
Newswire (nw), Telephone Speech (cts), Usenet Newsgroups (un),
and Weblogs (wl)

Separation Networks) [62]
CNN-based feature extractor
followed by DANN [49] in [247]

Biolnfer [248]

Bio Information Extraction Resource (Biolnfer) contains 1100
sentences annotated with NER, syntactic dependencies, and
relationships

2 Step method — Feature extractor
(CNN or Bi-LSTM) frozen after the
first step; GAN  discriminator
(Adversarial generative models) is
used in the second step [249]

AlMed [250]

AlMed contains 750 real and 10000 synthetic MEDLINE extracts.
Protein-Protein Interaction and Drug-Drug Interaction are present in
these extracts.

2 Step method — Feature extractor
(CNN or Bi-LSTM) frozen after the
first step; GAN  discriminator
(Adversarial generative models) is
used in the second step [249]

DDI [251]

Drug-Drug Interactions (DDI) is based on DrugExtraction Shared
Task 2013 and contains Medline abstracts and DrugBank database

2 Step method — Feature extractor

Drug-Drug Interaction and documents, respectively. first  step;

(CNN or Bi-LSTM) frozen after the
GAN  discriminator
(Adversarial generative models) is
used in the second step [249]

UW Dataset [252]

20000 crowd-sourced instances based on Amazon Mechanical Turk e
and acquired using specific instructions and curation.

Feature Extractor (piecewise CNN,
GRU-based RCNN), Attention, &
Adversarial Training [224]

tasks (like pose estimation) are now getting traction. Table 11
lists common CV datasets used in DA in recent times.

B. NATURAL LANGUAGE PROCESSING (NLP) DATASETS
Most of the domain adaptation work in NLP has happened for
the sentiment analysis task. In recent years, more tasks have
been explored. Table 7 lists common NLP datasets used in
DA in recent times.

C. SPEECH DATASETS

Table 8 provides a list of common speech datasets used in
DA in recent times. We can see that most of the speech data
domain DA work has happened in the speech recognition
task.

D. TIME-SERIES DATASETS

Table 14 mentions some time-series datasets used in DA.
In industry, there is an expectation that many time-series-
related DA problems would be there; however, the number
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of public time-series datasets used in DA continue to be very
less.

E. MULTI-MODAL DATASETS

The core field of multi-modal deep learning is developing,
yet advances have been made in multi-modal DA. Table 15
provides common multi-modal datasets used in domain adap-
tation. The diversity of tasks is less, with the majority being
Face Expression / Emotion recognition related.

VI. CHALLENGES
Typical challenges of DA in the real-world and practical
settings include:

1) Few datasets in DA use: Few datasets (Table 11 and
Table 12) viz., MNIST, MNIST-M, SVHN, USPS,
Office, and Amazon reviews) are typically used by
researchers. There is a need to include more data sets
— in the number of datasets and the size of data sets
and develop a DA framework for specific applications.
Further, the common datasets have fewer classes and
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TABLE 13. Speech datasets used in DA.

Tasks Dataset Dataset Description Example DA References

Speech Recognition Microsoft Cortana [253] 3400 hours of close-talk and far-field speech e Teacher-Student learning for unsupervised

domain adaptation of Attention-based encoder-

decoder [135]
Aurora-4 corpus [254] 7138 clean and noisy utterances together . Sun et al. [255]
Wall Street Journal WSJO0-+5000 word texts, WSJ1-20000 word texts, ¢  Sun et al. [255]
(WSJ) [256] recorded in 2 settings for 80 hour
Librispeech [257] 1000 hours from widely available audiobooks e  Sunetal [255]
SPEECON [258] Multilingual data used for speech recognition in e Denisov, Vu, and Font [259]

consumer devices. Italian data consists of 550
utterances by adult speakers in 4 microphone

settings

Speaker Adaptation ~ (D)APRA Resource Speaker Dependent (SD) [ 7344 recorded sentences, e Maximum likelihood linear regression (MLLR)

Management (RM1) 12 speakers, 2 dialect sentences] and Speaker [261]

database [260] Independent (SI) [3360 recorded sentences, 80

https://catalog.ldc.upenn. speakers, 2 dialect sentences] are part of (D)APRA

eduw/LDC93S3B Resource Management (RM1) database
Speech Activity Fearless steps (FS) Cumulative 19,000 h of conversational speech e Deep CORAL and pseudo-labeling techniques
Detection (SAD) Fearless Steps Challenge coming from the Apollo 11 mission [131]

corpus [262]

TABLE 14. Time-series datasets used in DA.

Tasks Dataset Dataset Description Example DA References
Mortality Prediction MIMIC-III (Adult- Critical care database containing 58000 admission e Variational Recurrent Adversarial Deep
AHRF dataset) [263] records (38645 adults and 7875 neo-natal) Domain Adaptation (VRADA) [264]

Child-AHRF dataset Child-AHRF contains a record of 398 children

Variational Recurrent Adversarial Deep

[265] (admission records) Domain Adaptation (VRADA) [264]
Advanced  Driver Brains4cars [266] Brains4cars contains 1180 miles of freeway driving for e Domain  Adversarial Recurrent Neural
Assistance Systems 10 drivers Network (DA-RNN) [267]
(ADAS)
Fault Detection Boiler Fault Detection ~ Data for 3 boilers for over 2 years (2014-2016) . Sparse  Associative  Structure  Alignment
Dataset [268] (SASA) [268]
Air Quality Forecast Air quality forecast The dataset consists of air quality data, meteorological e Sparse  Associative  Structure  Alignment
dataset [269] data, and weather forecast data covering 4 Chinese cities (SASA) [268]

with each hour data for the 2014-2015 years

instances. Results shown by researchers on diverse and finally, the diversity would lead to capturing more
datasets would promote the creation of more datasets, practical settings.
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TABLE 15. Common multi-modal datasets used in DA.

Tasks Dataset Dataset Description Example DA References
Face IEMOCAP The Interactive Emotional Dyadic Motion Capture (IEMOCAP) has 5 Multimodal domain adaptation neural
Expression/  [270] male and 5 female actors in a dyadic setting and up to 12 hours of audio- networks (MDANN) [89] used this as
Emotion video clips. The dataset has 8 categories of emotions — Anger, excitement, a source dataset.
Recognition Fear, Frustration, Happiness, Neutral, Sad, and surprise — present. HMTL (Heterogeneous Modality
Transfer Learning) [100]
AFEW [271] Acted Facial Expressions in The Wild (AFEW) has 957 labeled videos of Multimodal domain adaptation neural
acted facial expressions. The dataset has 7 categories of emotions — networks (MDANN) [89] used this as
(Angry, Disgust, Fear, Happy, Neutral, Sad, and Surprise) the target dataset.
MSP-IMPROV MSP-IMPROV has approximately 8500 audio-visual dyadic recordings [95] used inter categories as the source
[272] in 4 categories Natural interaction, Other-improvised, Target-Improvised, and target domains
Target-read with emotions of Angry, Happy, Neutral, and Sad.
BUAA-VISNIR  BUAA across 2 modalities (VIS, NIR) has 150 subjects Missing Modality Transfer Learning
[273] via latent low-rank constraint (M2TL)
[97]
Oulu-VISNIR Oulu, across 2 modalities (VIS, NIR), has 80 subjects having 6 M2TL [97]
[274] expressions (anger, disgust, fear, happiness, sadness, and surprise)
CMU-PIE CMU Pose Illumination and Expression (PIE) dataset consists of 41368 M2TL [97] — Pose C27 is used
[275] images of 68 people in 13 poses, 43 illuminations, and 4 expressions
Yale B Yale B Face dataset consists of 2414 images of 38 people (about 64 M2TL [97]
[276] images per person), different illumination and expressions
ALOI-100 Amsterdam Library of Object Images (ALOI-100) consists of over 100 M2TL [97]
[277] images with a total of 110250 images of objects
COIL-100 [278]  COIL-100 (Columbia Object Image Libraries 100) consists of 72 images M2TL [97]
of 100 object classes, i.e., a total of 7200 images
CREMA-D CREMA-D consists of 7442 clips from 43 female and 48 male actors Domain  Adaptation  Conditional
[279] across various ethnicities. Each actor’s data includes 12 sentences across Semi-Supervised Generative
4 emotion levels (L, M, H, and unspecified) and 6 emotions of Anger, Adversarial Networks (dacssGAN)
Disgust, Fear, Happy, Neutral, and Sadness. [98]
RAVDESS [280] The Ryerson Audio-Visual Database of Emotional Speech and Song Domain  Adaptation  Conditional
(RAVDESS) consists of 7356 recordings of songs with emotions of Semi-Supervised Generative
calmness, happiness, sadness, anger, and fear and expressions of calm, Adversarial Networks (dacssGAN)
happy, sad, anger, fear, surprise, and disgust from 24 actors [98]
CMU-MOSI CMU Multimodal Opinion Sentiment Intensity (CMU-MOSI) consists of HMTL (Heterogeneous Modality
[281] opinion video clips (2199), with clips rated in sentiment from -3 to +3 Transfer Learning) [100]
Image NUS-WIDE NUS-WIDE 269648 images and 5018 tags were collected from Flickr. Deep Transfer Networks (DTN) [96]
Captioning ~ [282] Objects and scenes are manually annotated with 81 concepts used 10 domains — birds, buildings,
cars, cats, dogs, fish, flowers, horses,
mountains, and planes.
Event PHEME [283] Approximately 5800 threads of about 5 events are classified into Rumors Multimodal Disentangled Domain
Rumor and Non-rumors. Further, if rumor, then it is further classified into true, Adaption (MDDA) [93]
Detection false, & unverified.
PHEME veracity Extends PHEME datasets by 4 more events. 6425 rumor threads with 9 Multimodal Disentangled Domain
[284] events are classified into Rumors and Non-rumors. Further, if rumor, then Adaption (MDDA) [93]
it is further classified into true, false, and unverified.
Action EPIC-Kitchens EPIC-Kitchens consists of 100 hours, about 20M frames, 700 variable- Multi-Modal Self-Supervised
Recognition  [285] length videos of 90K actions in 45 environments Adversarial Domain Adaptation or

MM-SADA [94]
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TABLE 16. Real-world challenges for DA.

S. Real-world challenge

Reference DA methods/techniques to

cater to challenges

Relevant DA case-studies

1 Availability of labels in the target domain: As data e
availability becomes difficult, the availability of

labeled data is even more difficult.

Semi-supervised DA: Support of few e
labeled data in the target domain
. Unsupervised DA: Support for no-

Section VII extensively discusses case
studies for semi-supervised and

unsupervised DA

labeled data in the target domain

2 Supporting Label Set Difference or Category . Partial-set DA: [151], [152], [286] e Partial-set DA: Predicting protein functions
Gap: Ability to support the difference in Label set; o Open-set DA: [147], [148] for new proteins (target function classes are
target domains may have lesser labels (partial-set . Universal DA: [154], [153] limited) [152]

DA), more labels (open-set DA), or both (universal ° Open-set DA: understanding unknown class
DA). Need to deal with two aspects together — the (openness) in target domains in any setting
category gap and domain gap (shift) [147]
. Finding animals in the wild which were not
part of the dataset [153]

3 Learning with a lesser target or no data: Learning e  Zero-shot DA: [145] e Zero-shot DA: Industrial application where
quickly with no data (zero-shot DA) or few (few- . Few-shot DA: [142] [143] given CAD models (texture less), train an
shot DA). This ask is different from semi-supervised o Domain Generalization ( [112], RGD object classifier [145]
or unsupervised DA in that semi, or unsupervised [287]) . Few-shot DA: Adapting to natural images
DA does see the data at training time, but it is not (which are less in number) when synthetic
labeled; however, zero-shot and few-shot hardly see images are available [143]
any data or some data, respectively.

4 Learning on the Go: Learning and . Online DA: [155] Online DA: Robot deployment, where a robot learns
adapting to new data as data in the targetor e  Continuously changing domains: as it explores the environment [155]
multiple domains are presented to the [157] Continuously changing domains: Video game learning
model. (reinforcement learning and classification), weather

changes (from dry to drizzle to rainy to cloud burst)
[157]

5 Availability of source data during testing: e Source Free DA: Use of source Source Free DA: Access to source data is restricted for
Due to various reasons like privacy, etc., model only: [184], [154] privacy reasons (banks, hospitals) or is decentralized
source data is not available for training . Federated DA: [160] [184]
when target data is available. Federated DA: Applied in areas where access to data

is restricted, and there is also a domain shift in data.

6 Metadata is available in the target . Predictive Domain Adaptation: Predictive Domain Adaptation: Ability to understand
domain but not actual data. Actual data [156] and adapt to portraits varying over the years and
gathering may be costly, but metadata geographically with only some information related to
gathering may be less costly. years and geography available [156]

7  Imbalanced Data: Some real-world . [84] in MNIST to SVHN Imbalanced Dataset support: Support imbalanced data
problems include data imbalance / long tail adaptation used a class balance taken over time, different sensors or users [288]

(e.g., over-representation of English in term for improving accuracy.
words, under-representation of females in However, this is not understood
images, etc.), where classes are not evenly in detail as to how this benefits
distributed in the source and target domain. DA.

. [288]

8 Support for Multiple Task: Multi-Task e Multi-Task Domain Adaptation: Multi-Task Domain Adaptation: Helps understand the
DA is a scenario where the same dataset is [289] hierarchy/grouping amongst the data elements (Same
used to perform multiple tasks make of car / same body type). Honda make images
simultaneously. Example: Semantic may be available and Sedan images — one could
Segmentation and Object Detection at the understand Honda Sedan image [289]
same time.

9 Out-of-domain testing to understand the o In-domain and Out-of-domain Long context Q&A can help increase the robustness of
brittleness of models/methods: There is an results: [290] models as it typically has out-of-domain aspects
inherent need to understand the robustness included. [290] mentioned the chatbot, which should
of models/methods by testing them on out- understand the context of n previous questions above
of-domain. Dedicated out-of-domain in the Q&A (NLP) area. A similar aspect should be
datasets are not present currently. available to test DA, too, for the robustness of models.

10  Sequential or Lifelong Learning: [33] e Memory function in DA: [55] DA applications should be able to build on their

mentions Functional, Relational, and
representational aspects of Lifelong
learning. Memory-based approaches are
integral to Lifelong learning

previous memory and relate to the memory — for
example: in quality control, the system should be able
to remember a quality control issue aspect which is
like the new issue and work accordingly
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TABLE 16. (Continued.) Real-world challenges for DA.

S. Real-world challenge Reference DA methods/techniques to Relevant DA case-studies
No. cater to challenges

11 Support for Multimodal data: Multiple . Images with different modalities: e Most real-world data is multimodal; more effective
modalities, when combined or fused, should [291] strategies must be developed to increase the
increase the performance of DA. Designing o Multimodal DA neural networks performance of DA.
effective fusion strategies — an early fusion (MDANN): [89]
of features or late fusion for task decision— o HMTL (Heterogeneous
remains a challenge. Modality Transfer Learning):

[100]

12 Self-Learning mechanisms: To have more e  Pretext task followed by DA: e  In Partial and Open-set domain adaptation settings,
positive transfer, there is a need for a self- [161], [162][163] where the number of labels/classes in target data is
learning mechanism where models can learn unsure.
better domain intrinsic information and
further increase the accuracy. Also, it would
aid the adoption of DA just like self-
supervised models have been done in NLP

13 Building representative systems / . Domain adaptation followed by e Understand product diversity across geographical
Mitigating Bias in AI/ML systems: Due Elastic Weight Consolidation / locations — soap in western countries is liquid, while it
to the kind of data used, there exists a bias lattice-rescoring [292] is solid in non-western countries [293]
in AI/ML systems which exaggerates
stereotypes, the relationship between color
and race

2) DA has the promise to apply to real-world problems source DA) may not yield that good performance. Few

and solve them. Researchers have started investigating papers discuss the bidirectional results. Reasons are not
and solving some of the challenges, and some are yet understood as to why a particular direction yields better
to be explored. Table 16 provides a view of real-world performance over the other direction. Example: SVHN
challenges and examples of research work undertaken; to MNIST accuracy is very high [84], while MNIST to
however, some areas are still to be examined. SVHN is not very high. A general-purpose strategy is

3) Need for more tasks and applications: New/other required for bi-directional DA.

applications involving different types of data (like 6) Effective comparison metrics missing for some DA

NLP [115], [33]) for DA can be understood. Time- scenarios: Typically, absolute mAP is used for object

series data adaptation is not looked at much (sensor detection tasks — however, it is the relative mAP

type adaption may be a great use case). Further, multi- (source-only baseline and after DA) that is important

modal data-related domain adaptations are few. Also, for DA. It is much better than absolute mAP as dif-

industrial applications (where the target is industrial ferent papers also use models trained with different

data) can be looked at by exploiting domain adaptation hyperparameters. There is a need of similar effective

(source data is academic data). There is a need to comparison metrics.

develop a DA framework in these areas. 7) Varied model and data parameters in DA: Fair
4) Research bias for Classification tasks: In computer and comprehensive evaluation of DA approach and

vision (refer to Table 11), most of the work done is in reusability comparison is difficult due to varied met-

classification tasks (digit recognition and image clas- rics, hyper-parameters and data input (e.g., image size).

sification). Other tasks (pose estimation, object detec- There is an imperative need of standardization of some

tion, etc.) are less explored. possible parameters e.g., image size.

Similarly, most of the work reported in NLP domain

adaptation is in sentiment analysis, followed by clas- VIl. APPLICATIONS OF DOMAIN ADAPTATION

sification tasks (as in CV) (refer to Table 12), and not Given that DA includes relevant elements and supports gener-

many tasks (most are 1:1 adaptation tasks) are explored alization, it has found usage in many applications. Mentioned

by researchers on the techniques published by them. are some motivating examples and possible usage in the

Areas like dependency parsing (DEP), Named Entity future.

Recognition (NER), part-of-speech (POS), and other

areas are explored significantly less. A. COMPUTER VISION (CV) DOMAIN ADAPTATION USAGE
5) Bidirectional DA: It is understood that DA from the DA in CV continues to mirror the progress of CV tasks
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source domain to the target domain may yield good
performance, but the reverse (i.e., target domain to

and techniques with a lag. The initial focus of DA in CV
was on simple CV tasks — like digit recognition and image
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classification, but later, the focus included complex tasks of
object detection, segmentation, depth estimation and similar.
Surveys have been done on domain adaptation on specific
computer vision tasks, e.g., semantic segmentation [294] and
object detection [295]. The current focus is increasingly on
even more complex tasks (e.g., pose estimation, video classi-
fication), complex datasets (e.g., in the wild, 3D), improve
state-of-the-art DA metrics in previously mentioned tasks.
Also, due to the scarcity of data in the target domain, most
DA methods adapt from synthetic or other domain data to
real data.

Most of the work on DA in CV is on 2 Dimension (2D)
data, e.g., camera images, followed by 2D data with time, e.g.,
video images, followed by a focus on 3D, e.g., LIDAR (Light
Detection And Ranging). A survey on LiDAR perception
by [214] further captures deep DA techniques.

Table 17 provides a view of different CV tasks and
key DA advances in those specific tasks. These tasks and
techniques have found much use of DA in the CV in indus-
tries (further discussed in the section Industrial Applica-
tions), e.g., Al imaging is widely used in the healthcare
sector while LiDAR DA is used in Advanced Driver Assis-
tance Systems (ADAS) or Autonomous driving. These tech-
niques are also used in situations where the data is derived
from different foundations (geographic, genetic, cultural,
age, etc.)

B. NATURAL LANGUAGE PROCESSING (NLP) DOMAIN
ADAPTATION USAGE

Similar to CV, DA in NLP also mirrored NLP task and
technique progress with a small lag. Recurrent Neural Net-
work (RNN) based models (including LSTM) are of much
use for NLP settings. Initial research in NLP focused on
improving the embedding layer and vocabulary difference
between source and target domain. Thereafter, adversarial-
based methods (including GANs) were also employed for
the NLP domain adaptation task. Post-2017, after the advent
of Attention and Attention-based Transformers [5], consider-
able NLP research has been done as to how to use pre-trained
models for the task at hand. This deviated from the typical
DA technique where both source and target domain data were
available at once; in the case of pre-trained models, source
data was not available.

NLP and DA in NLP have been popular in the industry
because data creation is much easier than CV — there is
no need for a camera in business process; further, much
of the data is generated in the form of social media
content, literature by authors and as news articles. Tasks
like sentiment analysis, text classification, natural language
inference, language identification, part-of-speech (POS) tag-
ging, dependency parsing, named entity recognition (NER),
Question and Answers (Q&A), relation extraction (RE),
neural machine translation (NMT), Sentence specificity pre-
diction are used in document and information focused
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TABLE 17. DA usage in various computer vision (CV) areas.

CV Tasks Example DA References

Digit Recognition DFA-MCD [173]

DRANet [176]

CLUE [169]

Active Adversarial Domain Adaptation

(AADA) [168]

Moving Semantic Transfer Network

(MSTN) [172]

Mean Teacher [84]

MCD [178]

CyCADA [64]

ADDA [48]

DANN [49]

DSN [31]

FixBi [181]

DAPN [143]

SHOT [184]

SPL [185]

KD3A [187]

DADA [60]

UAN [153]

Contrastive Adaptation Network [39]

. Moving Semantic Transfer Network
(MSTN) [172]

. Generate to Adapt [182]

Face Recognition in Unlabeled Videos

[296]

CORAL [37]

DAN [40]

Syn2Real [149]

Mean Teacher with Object Relations

(MTOR) [191]

Contrastive Adaptation Network [39]
JAN [41]

Image classification
/ Object Recognition

Image Classification/
Segmentation .

Object Detection . CLUE [169]

. Progressive Domain Adaptation [297]

. Active Adversarial Domain Adaptation
(AADA) [168]

. Domain Adaptive Faster R-CNN [298]

. Deep Intelligent Visual Surveillance
(DIVS) ([299]

. Syn2Real [149]

CycleGAN [63]
CoGAN [194]

Segmentation / .
Object Detection .

Segmentation [294]

DA-DETR (Transformer-based) [300]
ProDA [199]
Self-supervised
Consistency [201]
Domain transfer through deep activation
matching [51]

Class-based self-testing [88]

Mean Teacher [84]

GAN-based approach [301]

Pixel-level Adversarial and Constraint-
based Adaptation [50],

. DAN [40]

Augmentation

Image-to-Image .
Translation

Different Adaptation Methods for Neural
Style Transfer [302]
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TABLE 17. (Continued.) DA usage in various computer vision (CV) areas.

CV Tasks Example DA References
Video/ Action . TAN3N [204]
Classification e JANT[41]
Depth Estimation e AdaDepth [303]
Pose Estimation . DSN [31]
Gaze Estimation e Domain Adaptation Gaze Estimation

Network (DAGEN) [208]

3D point cloud . LiDARNet [210]

segmentation e  Survey on deep DA for lidar perception
[214]
. Pseudo-labeling for Scalable 3D Object
Detection [216]

Image Captioning e Domain critic and multi-modal critic [304]
(Also, cross-modal) e Dual Learning [305]
. Densecap [306]

industries where a lot of text data is generated due to the
business processes involved. Tasks discussed in Table 18 are
used in NLP applications widely in the industry (industrial
applications are further discussed in the section Industrial
Applications).

C. SPEECH DOMAIN ADAPTATION USAGE

Most of the DA work in the speech area is in Automatic
Speech Recognition (ASR). Environment noises are the main
culprit that a model trained on the manually collected dataset
(source) does not perform in real-world data (target) in ASR.
Table 19 mentions many references as to how DA is used to
address this mismatch and enhance quality. There is also work
related to Text to speech (TTS) translation that employs DA
for increasing application domain and robustness.

D. TIME-SERIES DOMAIN ADAPTATION USAGE

The main idea of using DA in time-series data is to learn
temporal latent representations of time-series data that are
domain-invariant. However, learning the temporal represen-
tations is an arduous task due to dependency amongst times-
tamps, and a change in lags/offsets leads to difficulty in
extracting domain-invariant representation. Table 20 provides
a view of how DA is used to solve two major time series tasks
of classification and forecasting.

DA is used to improve the performance of time series
systems in healthcare [264], Driver assistance systems [267],
and others [319]. Also seen is a movement from univariate
time series to multivariate time series problem-solving.

E. MULTI-MODAL DOMAIN ADAPTATION USAGE
Domain adapting multimodal data is very much relevant
as much real-world data is multi-modal. Multi-modal DA
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TABLE 18. DA usage in various natural language processing (NLP) areas.

NLP Tasks Example DA References

Sentiment .
Analysis (SA)

Domain and Task Adaptive pre-training (incl.

multi-phase) [121]

. Neural Structural Correspondence learning
(SCL) [66] [67] [68]

. Wasserstein Distance Guided Representation
Learning (DANN) [54]

. SSL, Multitask tri-training [130]

. Adversarial Memory Network (AMN)
(Attention + DANN + SCL MemNet) [55]

. Asymmetric tri-training [87]

. DANN [49]

. Stacked Denoising Autoencoder (SDA) [34]

Text Classification e A variant of DANN [53]
(TC)(non—SA) e  Adaptive Ensembling (Temporal) [86]
. TC: Adaptive Ensembling (Temporal) [86]

Part of Speech . AdaptaBERT ( [128]

(POS) Tagging e  Adversarial Training — AT (DANN) [57]
. SSL, Multitask tri-training [130]
. Marginalized structured dropout [229]

Named Entity e Adversarially Trained Language Models
Recognition (NER) [233]
. Adversarial domain adaptation (ADA)
(DANN + Contextual Embeddings) [56]
e  Adversarially Trained Language Models
[233]
. AdaptaBERT [128]
. Cross-Domain NER [232]
. GreenBioBERT [240]
e DSN[52]

Question and .
Answers (Q&A) o

Generative Pseudo Labeling [170]
Semi-supervised QA with generative domain-
adaptive nets [307]

Relation e 2 Step method — Feature extractor (CNN or
Extraction (RE) Bi-LSTM) frozen after the first step; GAN
discriminator (Adversarial generative models)

is used in the second step [249]
e  Genre Separation Networks (Domain

Separation Networks) [62]

. CNN-based feature extractor followed by
DANN [49] in [247]

. Feature Extractor (piecewise CNN, GRU-
based RCNN), Attention, and Adversarial
Training [224]

Neural Machine e
Translation (NMT)

Effective domain mixing for neural machine
translation [308]

. Cost Weighting [309]

. A Survey of DA for NMT [310]

Sentence specificity e
prediction

Domain agnostic real-valued specificity
prediction [311]

Image Captioning e Domain critic and multi-modal critic [304]
(also, cross-modal) e Dual Learning [305]
. Densecap [306]
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TABLE 19. DA usage in speech areas.

TABLE 20. DA usage in time-series tasks.

Time-series

Speech Tasks Example DA References Tasks Example DA References
Speaker . Unsupervised Domain Adaptation via Classification e Soft Parameter Sharing [320]
Recognition Domain Adversarial Training for Speaker . Optimal Transport methods [321]

Recognition [312]

Automatic Speech o
Recognition (ASR)/
End-to-End Speech o

Recognition .

DUST (self-training and pseudo-learning

based) [313]

GRL and DSN-based architectures [132]

GAN-based [133]

. Teacher-Student learning for unsupervised
domain adaptation of Attention-based
encoder-decoder [135]

. Augmented Cyclic Adversarial Learning
(ACAL) [314]

e  Domain Adaptation of End-to-end Speech
Recognition in Low-Resource Settings [315]

. Unsupervised domain adaptation by
adversarial learning for robust speech
recognition [259]

. An unsupervised deep domain adaptation
approach for robust speech recognition [255]

. Knowledge Distillation based [134]

. Dauto [316]

Deep CORAL and pseudo-labeling
techniques [131]

TDASS [317]

Speech Activity e
Detection (SAD)

Text to Speech o
(also Multimodal)

Speaker Adaptation e  Maximum likelihood linear regression

(MLLR) [261]

Speech .
Enhancement

Low-rank sparse decomposition model
followed by DA [318]

systems can support missing modalities in target data ([315],
[100]), and the adaptation process is much more robust
than unimodal DA, reinforcing that Al and ML systems can
improve by learning from multiple

DA has been used in various multi-modal settings, i.e.,
tasks and modalities (refer to Table 21). The advances made
here mirror the advances in individual modalities and other
trends (e.g., knowledge distillation).

F. INDUSTRIAL APPLICATIONS

Domain Adaptation has been widely adopted by the industry
and is of relevance in Industry 4.0. Table 22 provides different
use cases and how DA is used.

DA has uses in cross-industry and industry-specific use
cases. DA drastically reduces not only the data requirements
but also the number of machine learning / artificial intel-
ligence models. This leads to reduced capital expenditure
(CAPEX) and upfront effort. The reduced CAPEX is due
to truncated activities of data procurement, data annotation,
multiple model training etc. Further, a decrease in opera-
tional expenditure (OPEX) costs and efforts is guaranteed as
Machine Learning Operations (MLOPs) efforts are reduced.
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. Sparse Associative Structure Alignment (SASA)
[268]

. Convolutional deep Domain Adaptation model for
Time Series data (CoDATS) [322]

. Classification of Satellite Image Time Series [323]

. Domain-Adversarial Recurrent Neural Networks
[267]

. Augmented Cyclic Adversarial Learning (ACAL)
[314]

. Variational Recurrent Adversarial Deep Domain
Adaptation (VRADA) [264]

e DAuto [316]

Forecasting o Domain Adaptation Forecaster (DAF) [324]
. Sparse Associative Structure Alignment (SASA)

[268]

TABLE 21. DA usage in multi-modal settings.

Modalities
Tasks Example DA References

Event . Video o
Classification e Audio

Audio-Visual Emotion

Recognition [95]

. Audio-Visual Sentiment
Analysis [100]

. Multimodal DA neural

networks (MDANN) [89]

. Text .
. Image

Domain Adaptation
Forecaster (DAF) [324]

. Sparse Associative Structure
Alignment (SASA) [268]

Text to Speech Text . TDASS [317]
. Speech
(Audio)

MLOPs efforts that are reduced involve monitoring, retrain-
ing, versioning, and serving- all because of the lesser number
of domain-adapted models.

VIIl. FUTURE RESEARCH FRONTIERS

The future research frontiers must look at solving the chal-
lenges mentioned in section VI. Also, the body of research in
DA is currently focusing on

e Including state-of-the-art (SOTA) techniques or
methods: Experiments and evolution of research in
other areas of deep learning are flowing into DA.
Not only are researchers looking to support DA in
the base technique but also, they are looking to use a
derivate of the technique to enhance DA. For example,
attention and transformer-based models have found
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TABLE 22. Industrial applications: DA use-cases across industries.

S- Industry Area /Sub- DA Use-case DA Technique / Method
No. Area
1 Across Customer . Adapting to accent or speech: Commercial speech e Contrastive Learning with mutual
Industries Service recognition software sometimes cannot understand the Information Maximization (CLIM) on
accents or speech of particular people. DA can help Airline’s review dataset [218] in [325]
generalization across speakers. . [165] used meta-learning-based DA on
. Adaptation of generative-based dialogue systems for MultiWOZ [326] dataset

unseen domains [165]
2 Across Personalization e  Zhang et al. [327] and Yang ef al. [328] used DA in e  Pre-training is followed by fine-tuning in
Industries personalizing responses by conversational robots in a two- Zhang et al. [327] and Yang et al. [328]
step process. The first step is learning from a larger dataset,
while the second step is fine-tuning based on small-scale
personal conversation data. Similar aspects can be
extended to other areas of personalization.

3 Across Price e Jin et al. [137] applied Domain Adaptation Forecaster e  DAF - Shared attention module and domain
Industries Forecasting (DAF) on time-series data to understand the price of a discriminator between two domains, with
domain based on the price of another domain, where data is private encoders and decoders (Novel
abundant Design)
4 Across Quality . MMD DA technique is used in semiconductor e Usage of Discrepancy-based Method DAN
Industries Assurance or manufacturing to adapt training and test data, which have [40] (CNN followed by MMD) in [329]
Inspection deviations from the manufacturing process [329]. . Usage of Discrepancy-based Method DAN
. Thota et al. [330] used multi-source DA to identify and [40] and Multisource domain adaptation in
verify the presence of use-by-date information in retail food [330]
packaging.
5 Across Robotics e Many robotic applications, once they are deployed, needto e  Usage of Adversarial models, like ADDA
Industries adapt to various small shifts over time. Wulfmeier, Bewley, [48] in [331]
and Posner [331] provide as to how these small shifts (like e Usage of Adversarial Models — used DANN
changes in lighting and weather) can be supported by DA. [49] (feature level) and GraspGAN (pixel
. Bousmalis et al. [332] used pixel-level domain adaptation level) in [332]

(GraspGAN) and reduced the number of samples required
to achieve a given performance level by 50 times.

6  Automotive  Autonomous e Adaptation to new seasons, roads, and geographic areas. e  Multiple constraints (loss) for domain

Driving e  Barbato et al. [333] compare the efficacy of DA to invariant features and cross-entropy for class
supervised training in semantic segmentation using a new discriminative-ness in [333]
measure; further, they enforce joint constraints between e  Novel self-training “Alternating-
source and target features. Incremental” (Alt-Inc) algorithm, which

e  Kothandaraman, Chandra, & Manocha [334] introduced alternates between optimizing cost function

BoMuDANet as an unsupervised adaptation method of and pseudo labels in [334]
visual scene understanding in different and unstructured e Self-supervised contrastive learning along
driving conditions. with Transformer encoder-decoder in [335]

. Munir, Azam, & Jeon [335] proposed Self Supervised e Multi-Net [336]
Thermal Network (SSTN), which understands the co-
occurrence of information in multiple sensor data
environments using a contrastive learning approach in one
of the stages.
7 Banking CreditRisk/ o  Adapting entities extraction (credit risk attributes) from e  NER DA in [238]
and Finance = Underwriting financial documents FIN [238] from the English dataset

Process and CoNLL2003 [231].

Assessment o Adapting models for geography and cultural features to
understand the likelihood of default.

8 Banking Predicting . Sedinkina, Breitkopf, and Schiitze [337] mentioned thatthe e  Pseudo Labeling: Labels from the source
and Finance Financial use of DA to create a sentiment dictionary outperformed domains are used to train new models from
Outcomes existing methods related to financial outcomes- excess scratch

return & volatility.

9  Banking and Fraud e Lebichot et al. [338] adapted for credit card fraud behavior e 5 techniques are used
Finance (source domain: e-commerce and target domain: face-to 1. Baseline-only target data used
-face), which differs across payment systems, countries, 2. Naive — using source domain
and population segments. classifier on the target domain

3. Feature representation (Imputation)
based on [18]
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TABLE 22. (Continued.) Industrial applications: DA use-cases across industries.

. Industry Area /Sub- DA Use-case DA Technique / Method
No. Area
4. Adding additional features of the
source to target based on [339]
5. Adversarial [49])
10 Civil Structural e Gardner et al. [340] used DA in structural health monitoring e 3 techniques are used
Engineering / Health (SHM) to understand the structural health of buildings and wind 1.  Transfer =~ Component  Analysis
Construction ~ Monitoring turbines. It is arduous to get labeled data in case of failure as it is (TCA) [15]
very little. Data from a handful of failure occurrences is used in 2. Joint Domain Adaption (JDA) [41]
one setting and adapted to a different setting. 3. Adaptation Regularization based
Transfer Learning (ARTL) [341]
11 Education Automating e Admin tasks like grading, Question, and Answers, differ a lot in e Ganin and Lempitsky [49] or similar

Admin Tasks

hard sciences and soft subjects. A model for one subject can be
used for another.

—_

2 Healthcare

Al Imaging e

Kouw and Loog [342] suggest that DA can reduce a considerable
variation between data sets of CT, MRI, or PET scanners centers
where the shift is due to vendor, calibration, mechanical
configuration, or acquisition protocol.

CIDA [158] understood the implications of age and other
demographic shifts and helped adapt to these shifts in a sleep study.
CIDA can predict the stage of sleep in different demographic shifts
(age, gender, etc.)

Ren et al. [343] mentioned that it is important to evaluate digitized
histopathology specimens as they increase the reliability of cancer
diagnoses and help understand underlying mechanisms of disease
onset. However, it isn't easy to analyze those samples due to the
difference in tools and techniques used to take those specimens.
DA played a vital role in reducing this domain shift in samples.
Tang et al. [344] used Active and Transfer Learning (Active
Learning on the target dataset and DA on the source dataset)

Adversarial  discriminative method
[345] mentioned in [342]

CIDA [158]

Siamese network architecture with
adversarial generative models is very
similar to CoOGAN [194] in [343]
Used Instance Selection by removing
samples from a source domain, used
Naive Bayes classifier and KL
Divergence in [344]

13 Industrial Digital e The digital twin is a representation (visual) of a real-world asset. o  Adversarial Model - DANN [49]
Manufacturing Twins Al simulations on digital twins can be adapted using domain
adaptation for real-world assets. Liu, Mauricio, Qi, Peng, &
Gryllias [346] used DANN [49] to predict Remaining Useful Life
(RUL).
14 Industrial Predictive e  Mahyari and Locker [347] used DA to understand the predictive e  Manifold Alignment [348] (Feature
Manufacturing Maintenance maintenance of robots in an actual setting, the features extracted Matching or Transformation strategy)
during the actual setting are different from the trained model.
15 Industrial Edge e Yang et al. [349] proposed Mobile DA framework based on the e  Novel architecture called Mobile DA
Manufacturing Analytics teacher (on a server) — student (on edge device) network and cross- framework in [349]
domain distillation. Student network in the new domain (edge)
amends feature learning to be domain invariant.
16 Life Sciences Drug . Mourragui et al. [350] used the DA approach to transfer drug e A novel strategy of Patient Response
response response predictors from pre-clinical models (source domain) to Estimation Corrected by Interpolation
the human setting (target domain). of Subspace Embeddings (PRECISE)
in [350]
17 Remote Satellite e Deng ef al. [351] used DA in remote sensing imagery semantic ®  An adversarial generative model for
Sensing Imagery segmentation. They assumed that object classes and the structures DA with a combined segmentation loss
in the scene are similar in the two sets. and adversarial loss in [351]
18 Security and Person e DA has found fair use in face recognition [352] provided an e  Adversarial discriminative

Safety

Identification/ re-
identification

initial view of the complexities - different face poses, different
headgears, different emotions, and different sketches. Sohn et
al. [296] also provided usage for face recognition. This can be
used for forensic sciences to match the sketches (one domain)
with photographs (another domain) and look for the same
label. Further, another possible use case is identifying a person
based on speech in different settings (loudspeaker and phone).

models variant used in [296]
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TABLE 22. (Continued.) Industrial applications: DA use-cases across industries.

. Area / Sub- .
No. Industry Area DA Use-case DA Technique / Method
19 Telecommunications ~ Software Defined e  Latah and Toker [353] mention that DA can be relevant in Al ¢ Ensemble-based methods in
Networks (SDN) models centrally controlling multiple network systems, where [353]
adaptation is required amongst different sub-networks as
features can be a little different.

20 Transportation Navigation *  Yooetal [354] used DA with adversarial learning to generate ¢ Tp. adversarial generative
images with realistic textures reducing the effort required and model with style loss and
dependence on real labeled data. cycle loss is similar to

CycleGAN [63] in [354]

21 Utilities Consumption e Liu et al. [355] used the Non-intrusive load monitoring o

Monitoring (NILM)

Discrepancy based method -
Joint Adaptation Network
(JAN) [41]

7010

proliferated usage in NLP and CV is used in DA
(DAF [137], Adversarial Memory Network (AMN)
(Attention + DANN + SCL MemNet) [55], Feder-
ated domain adaptation [160]). Also, the focus is to
include two or more DA techniques together. Wil-
son and Cook [356] mention the combination of the
teacher-student network [84] and AutoDIAL [110],
AutoDIAL can replace the student network to under-
stand the degree of adaptation. Similarly, GAN,
a data augmentation technique, can replace stochas-
tic data augmentation in [84]. This augmentation
of multiple techniques or methods can be useful in
multimodal DA.

Multi-domain support: To support multiple domains
in DA, techniques or methods are required to deal with
larger domain shifts and/or are robust. StarGAN [357]
looks at multi-domain image-to-image translation and
can be used in multi-domain adaptation.

Cross-modal application: DA techniques or meth-
ods primarily developed for one modality (say text)
can be used in another modality (say an image).
It is observed currently that other than adversar-
ial methods, not many methods are used across
modalities.

Supporting more real-world scenarios: DA
researchers are looking to support more real-world
scenarios. These real-world which are inspired by data
(unavailability, label-set difference, etc.) and environ-
mental (restricted, sequential, etc.) limitations. The
current research endeavor is to support a larger domain
shift in DA when applied to real-world applications.
WILDS Datasets [358] provide 10 curated real-world
dataset benchmarks having a varied range of domain
shifts. Further, DA provides the potential for rein-
forcement learning applications to learn in a simulated
environment and then apply the policy learned to the
real-world environment. More industrial applications

as part of Industry 4.0 can be supported by DA. For
example, [oT devices or edge devices are quite varied,
and they are installed in varied environments / used
by varied users; this variation provides good ground to
use DA.

Use of more stable training approaches: Adversar-
ial feature learning-based approaches are still most
utilized by researchers, even though the training
at times is unstable in practice and requires care-
ful selection and tuning of parameters. However,
pseudo-learning-based approaches (including pseudo-
learning based self-training) are being adopted by
researchers more and more based on their outperfor-
mance and training stability. However, one drawback
of pseudo-learning-based approaches indeed is noise
in pseudo labels, which can lead to under perfor-
mance. Focus of researchers are now looking to employ
only more confident pseudo-predictions for training.
Similarly, the use of mean-teacher strategy is on the
rise, as the approach utilities additional regulariza-
tions or feature matching strategy which improve the
performance.

Post-DA over pre-DA strategies: Post-DA tech-
niques are becoming more common to improve
“fallen” task accuracy. For example, Saunders and
Byrne [355] used Elastic Weight Consolidation (EWC)
and lattice-rescoring technique to prop-up the “fallen”
accuracy (due to catastrophic forgetting during DA).
However, pre-DA methods are not much found in the
literature. Incorporating pre-DA knowledge of domain
gaps arising from either data processing (image pro-
cessing techniques, text extraction techniques) may
lead to a performance increase. One possible way to
incorporate this would be to use multi-level constraints
in adversarial-based approaches. Further research work
undertaken in both Pre and Post DA strategies would
improve task accuracies.
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TABLE 23. DA can be applied to a host of industrial use-cases.

Industry Area / Sub- Potential Domain Adaptation Use-case
Area

Agriculture Crop Yield Talaviya et al. [359] mentioned Al model

adaptation to be used across crops and
geographies. DA method would depend
on the source and target data

Agriculture Pest Adapting to pest profile and geography
infestation can predict pest infestation better [360].

Al / Software Machine Due to domain shift or concept shift, DA

Engineering  Learning can be employed as a re-training strategy.
Operations
(MLOps)

Fast Moving Product Soap in western countries is liquid, while

Consumer Diversity/Bias it is solid in non-western countries [293]

Goods in Systems

(FMCG)

Healthcare Electronic Researchers identify novel connections
Health Record between seemingly unrelated health
(EHR) / Risk aspects. EHR analytics is helpful in
Prediction stratification and risk-scoring.

DA can support deviations based on
patients’ background (Race, conditions,
genetic makeup, previous history)

Insurance Risk Profile DA can be used for models to adapt to

data across geography, demographics,
etc.

Life Sciences Drug The probability of trial success can be
discovery improved when the patient data is domain
process / adapted for genetic, geographic, and
Patient epidemiologic  aspects while doing
Stratification  patient stratification and identification.

Media  and Metadata Inspecting frame by frame and adding

Entertainment Tagging objects or tags by AI processes can be

made more precise using DA for features
related to genre, geographical area, etc.

Oil & Gas, Precision to Al models, when used to mine with

Mining haul precision, reducing environment print

and reducing the danger to frontline
workers, can further be domain adapted to
support the same models across different
ores, geography, and environment
understanding.

Retail Al-powered  Human fatigue is eliminated by creating
data creation ~ Al-powered metadata for each product.

This can further be boosted by adapting
the model from one product category to
another.

Retail Al-powered  Adapting Al-powered guided discovery
Guided from one aspect of retail (say clothes) to
Discovery another (say shoes)

Travel and Operations Airlines use AI for decision-making

Hospitality

when an event occurs (flight delay,
weather, restrictions) to reduce the impact
on passengers and reduce costs. DA can
further boost efficiency when models
support multiple geographies/airports.

Utilities

Investment /
Field
Planning

Force

Al models for demand and supply
forecasting used for one utility (say
water) can be used for another utility (say
electricity)

VOLUME 11, 2023

e Removing bias for specific frameworks: Just like we
see a classification task bias for nearly all DA work,
there also exists a research bias for specific frame-
works. A case in point is object detection DA, where
nearly all the DA strategies focus on Faster RCNN.
Other frameworks like YOLO, SSD, and DETR must
also be evaluated for DA performance.

e Solving Industrial use-cases: DA has the potential
to solve many Al industrial use-cases, which are not
implemented due to economies of scale in implemen-
tation for multiple locations, multiple cultures, multiple
demographics, etc., large domain gap is understood in
high frequency, etc. Table 23 provides a list of industrial
use-cases where DA would lead to enormous benefits
for the industry if applied.

IX. CONCLUSION

There is an imperative need for deep networks to adapt to
multiple domains to reduce costs, increase application, and
be more human-like - the ultimate aim of artificial intelli-
gence. This paper explores the work done in DA in deep
neural networks (also known as deep DA) in multiple data
domains (computer vision, NLP, multimodal, speech, time-
series), reviews different methods and techniques, and men-
tions emerging datasets related to DA. This paper focuses on
applying DA in more practical settings, in various industries,
in the wild, and in real-world scenarios where the DA chal-
lenges lie. We believe that research undertaken in mentioned
future research frontiers would greatly impact DA and Al as
a whole.
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